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[00:00:00] Ronny Kohavi
English:

I'm very clear that I'm a big fan of test everything, which is any code change that you make, any feature
that you introduce has to be in some experiment. Because again, I've observed this sort of surprising
result that even small bug fixes, even small changes can sometimes have surprising, unexpected impact.

AR ERIE:

HAFERR, HE MK NEEFE, WmER, MAAMEBERMAEER. RSIANERINEE, #Bd
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[00:00:22] Ronny Kohavi
English:

And so | don't think it's possible to experiment too much. You have to allocate sometimes to these high
risk, high reward ideas. We're going to try something that's most likely to fail. But if it does win, it's going
to be ahome run.

FRZERIE:

Hit, HRANAKEEME 27 . METERAXESNR. SEKRNEZEDERE. FMNEZH—ER
BRIGERMMERS, BMREENRIT, BEE— “2247 (EXBIAIT).

[00:00:38] Ronny Kohavi
English:

And you have to be ready to understand and agree that most will fail. And it's amazing how many times
I've seen people come up with new designs or a radical new idea. And they believe in it, and that's okay.
I'm just cautioning them all the time to say, "If you go for something big, try it out, but be ready to fail
80% of the time."

AR ERIE:
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[00:01:05] Lenny
English:

Welcome to Lenny's Podcast, where | interview world-class product leaders and growth experts to learn
from their hard win experiences building and growing today's most successful products.

FROCERIR:

FOLHKE] Lenny BIiER, AXE, HERIPHRFHWSHATANMERER, FIMNEREMERYSRM
W md BRI R E LR,

[00:01:14] Lenny
English:

Today my guest is Ronny Kohavi. Ronny is seen by many as the world expert on A/B testing and
experimentation. Most recently, he was VP and technical fellow of relevance at Airbnb where he led their
search experience team. Prior to that, he was corporate vice president at Microsoft, where he led
Microsoft Experimentation Platform team. Before that, he was director of data mining and
personalization at Amazon.

AR ERIE:

S REFEER Ronny Kohavio Ronny #1F% A7 A/BMIIXAMSEERZMENEKER, &, thiEFE
Airbnb BB SHFRAEXMERAR L, ASEBREKRE. FIZH], BRHRHATRIZE, ASMRERLF
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[00:01:38] Lenny
English:

He's currently a full-time advisor and instructor. He's also the author of the go-to book on
experimentation called Trustworthy Online Controlled Experiments. And in our show notes, you'll find a
code to get a discount on taking his live cohort-based course on Maven.

FRZERIE:

BRI —B2EmRMFN, MERIERFTVHNNEZE (EEEHNELMTEIRE)Y (Trustworthy
Online Controlled Experiments) BIfEE, EENNTENEBF, RATLULE—NMIER, BFSmtE
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[00:01:53] Lenny
English:

In our conversation, we get super tactical about A/B testing. Ronny shares his advice for when you should
start considering running experiments at your company, how to change your company's culture to be
more experiment driven, what are signs your experiments are potentially invalid, why trust is the most
important element of a successful experiment, culture, and platform. How to get started if you want to
start running experiments at your company. He also explains what actually is a P value and something



called Twyman's law, plus some hot takes about Airbnb and experiments in general. This episode is for
anyone who's interested in either creating an experiment driven culture at their company or just fine-
tuning one that already exists. Enjoy this episode with Ronny Kohavi after a short word from our
sponsors.

FRCERIR:
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[00:02:39] Lenny
English:

This episode is brought to you by Mixpanel. Get deep insights into what your users are doing at every
stage of the funnel, at a fair price that scales at you grow. Mixpanel gives you quick answers about your
users from awareness, to acquisition, through retention. And by capturing website activity, ad data, and
multi-touch attribution right in Mixpanel, you can improve every aspect of the full user funnel. Powered
by first party behavioral data instead of third party cookies, Mixpanel is built to be more powerful and
easier to use than Google Analytics. Explore plans for teams of every size and see what Mixpanel can do
for you at mixpanel.com/friends/lenny. And while you're at it, they're also hiring. So check it out at

mixpanel.com/friends/lenny.
FhERIE:

ZHAT B #H Mixpanel 288, UUIFEL SR BN RATENE, RNRRBFRERISITINENIT .
Mixpanel A{RZHMINF. RENFBEZHAFIRERE . BT Mixpanel FEZFHRMIEER. &S H5IEHN
SR, RAIUBGHENAP RSN AE. Mixpanel BE—A1THEIEMIEE =4 Cookie KEh, 5
7Lt Google Analytics Es@a KEE S FFEMA. FIE mixpanel.com/friends/lenny IREFRIE & Z M IAEF AR 5
%, IER—T, fibEEE, FHZEEEEFS.

[00:03:27] Lenny
English:

This episode is brought to you by Round. Round is the private network built by tech leaders for tech
leaders. Round combines the best of coaching, learning, and authentic relationships to help you identify
where you want to go and accelerate your path to get there, which is why their wait list tops thousands of
tech execs. Round is on a mission to shape the future of technology and its impact on society. Leading in
tech is uniquely challenging, and doing it well is easiest when surrounded by leaders who understand
your day-to-day experiences. When we're meeting and building relationships with the right people, we're
more likely to learn, find new opportunities, be dynamic in our thinking, and achieve our goals. Building
and managing your network doesn't have to feel like networking. Join Round to surround yourself with
leaders from tech's most innovative companies. Build relationships, be inspired, take action. Visit
round.tech/apply and use promo code Lenny to skip the wait list. That's round.tech/apply.

FRCERIR:
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[00:04:30] Lenny

English:

Ronny, welcome to the podcast.
FRCEE:

Ronny, XMREIEZR,

[00:04:33] Ronny Kohavi
English:

Thank you for having me.

AR ERIE:
EHEHRAYEIE

[00:04:34] Lenny
English:

So you're known by many as maybe the leading expert on A/B testing and experimentation, which | think
is something every product company eventually ends up trying to do, often badly. And so I'm excited to
dig quite deep into the world of experimentation and A/B testing to help people run better experiments.
So thank you again for being here.

FROCERIR:

W ZAAARZ A/B MIAMLEMFZTHNTEE K. HUNEBRTRARDKELPIZAMXME, EEEMHR
BHAT. FIURRBEMERANRITRIEM A/B XIS, BEAREBITEFHLE. BRRERBIEIR,

[00:04:54] Ronny Kohavi
English:

That's a great goal. Thank you.
R EE:

XZ—MEABNER. #ht

[00:04:56] Lenny



English:

Let me start with kind of a fun question. What is maybe the most unexpected A/B tests you've run or
maybe the most surprising result from an A/B test that you've run?

FRZERIE:

IEM—NEBRREAE. RETTINREFERN A/BIMRENA? HER, METIRIA/BNRF, &
TARFNERZHA?

[00:05:06] Ronny Kohavi
English:

So | think the opening example that | use in my book and in my class is the most surprising public
example we can talk about. And this was kind of an interesting experiment. Somebody proposed to
change the way that ads were displayed on Bing, the search engine. And he basically said, "Let's take the

second line and move it, promote it to the first line so that the title line becomes larger."

R EIE:

BREEHENREZELANARERS, MERNMITLUKEHNEL NRTNAFRS, XZ2— 1M IFEEBRIE
B, BAARNAZ Bing BRIIZLMENETRAN. MEALRER: “UIRHMHEEZITHWEIE 17, BALCH
UE, XFRRITHEEREKR”

[00:05:37] Ronny Kohavi
English:

And when you think about that, and if you're going to look in my book, or in the class, there's an actual
diagram of what happened, the screenshots. But if you think about it, just realistically it looks like a meh
idea. Why would this be such a reasonable, interesting thing to do? And indeed, when we went back to
the backlog, it was on the backlog for months, and languished there, and many things were rated higher.

AR ERIE:

HIRBEXNMEN —NRMFEHHBIRE, SBERMRKENERNEE —EMINLAEES, XITEX
BIFENER. IMTAXER—HEEEEBNERR? FXL, SRMNEEFGFNFIIILR (backlog) B,
EELEMEN TH/LTA, TARRE, FEHMEBENREARELLES,

[00:06:05] Ronny Kohavi
English:

But the point about this is it's trivial to implement. So if you think about return on investment, we could

get the data by having some engineers spend a couple of hours implementing it.
FRZERiE:

BXBET, ENENERER, FAUMNRIFEERAEDRE (RO, HMNRFRILNLEIRIMELNNITR
SKIE, FEERISHRE.

[00:06:19] Ronny Kohavi



English:

And that's exactly what happened. Somebody at Bing who kept seeing this in the backlog and said, "My
God, we're spending too much time discussing it. | could just implement it." He did. He spent a couple of

days implementing it, as is the common thing at Bing, he launched the experiment.
R EIE:

ELMHELL, Bing IR NMA—BEBEIXNMFDT, ARE: "KW, FAMPHLEERTXSHE, HEEE
EMERFT.” MREXAMT. tETRRNEIEIME, SAFKE Bing BURFIBRR T =%,

[00:06:37] Ronny Kohavi
English:

And a funny thing happened. We had an alarm. Big escalation, something is wrong with the revenue
metric. Now this alarm fired several times in the past when there were real mistakes, where somebody
would log revenue twice, or there's some data problem. But in this case, there was no bug. That simple
idea increased revenue by about 12%.

AR ERIE:

BBNERAET. HMNEEITER. mENAREE, WAERLHEET. UaXMERMIIUR, BEE
ENENHET, (LIBABERRTHN, HEFEHENT. EEXMERT, &F Bug, BNMERHHA
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[00:07:01] Ronny Kohavi
English:

And this is something that just doesn't happen. We can talk later about Wyman's law, but that was the
first reaction, which is, "This is too good to be true. Let's find a bug." And we did. And we looked for
several times, and we replicated the experiment several times, and there was nothing wrong with it. This
thing was worth $100 million at the time when Bing was a lot smaller.

FRCERIR:

XMEREEERE. HITHEETLLKRFHREEN (Twyman's law) , BYERNE-RNE: “XFFiL
AELLESS, BEH Bug.” FRHEMNEN Buge NN TH/UR, EELR TR, ERRMTERIAE,
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[00:07:22] Ronny Kohavi
English:

And the key thing is it didn't hurt the user metrics. So it's very easy to increase revenue by doing theatrics.
Displaying more ads is a trivial way to raise revenue, but it hurts the user experience. And we've done the
experiments to show that. In this case, this was just a home run that improved revenue, didn't
significantly hurt the guardrail metrics. And so we were in awe of what a trivial change. That was the
biggest revenue impact to Bing in all its history.

AR ERIE:

XBET, CREMBALEN. BIEEEREMBEANRES, HOSERRT SME— S MEANE RS
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[00:07:57] Lenny

English:

And that was basically shifting in two lines, right? Switching two lines in the search results.
R EE:

BEAR LRMEER T MIT, MNB? ERRERPER T KT,

[00:08:02] Ronny Kohavi
English:

And this was just moving the second line to the first line. Now you then go and run a lot of experiments to
understand what happened here. Is it the fact that the title line has a bigger font, sometimes different
color? So we ran a whole bunch of experiments.

FRCERIR:

B, ARBEZITBETE 17, ARMIESTAENKEREBXBRRLET 4. ERNIFETH
FHREKRT, ERERBBFRRT? FAUIEINETT —AHESER,

[00:08:16] Ronny Kohavi
English:

And this is what usually happens. We have a breakthrough. You start to understand more about, what can
we do? And there suddenly a shift towards, "Okay, what are other things we could do that would allow us
to improve revenue?" We came up with a lot of follow on ideas that helped a lot.

AR ERIE:
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[00:08:34] Ronny Kohavi
English:

But to me, this was an example of a tiny change that was the best revenue generating idea in Bing's
history, and we didn't rate it properly. Nobody gave this the priority that in hindsight, it deserves. And
that's something that happens often. | mean, we are often humbled by how bad we are at predicting the

outcome of experiments.
FR3CERiE:

BEXFER, XE—MUNREA Bing i L&RECIRERNGIF, MINIHKBERTEE, FRE
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[00:09:01] Lenny
English:

This reminds me of a classic experiment at Airbnb while | was there, and we'll talk about Airbnb in a bit.
The search team just ran a small experiment of what if we were to open a new tab every time someone
clicked on a search result, instead of just going straight to that listing. And that was one of the biggest

wins in search-
FRSCERIE:

XL EAEIRTE Airbnb BIR—NE SRS, THEHAMIIWE Airbnb, BREIASE T — K. NMRAFE
RRATIRRERNEITA—NARER, MASERILEIIZERIE, IEAR? BRERTAZABIMR
Z__

[00:09:18] Ronny Kohavi
English:

And by the way, | don't know if you know the history of this, but I tell about this in class. We did this
experiment way back around 2008 | think. And so this predates Airbnb. | remember it was heavily
debated. Why would you open something in a new tab? The users didn't ask for it. It was a lot of pushback
from the designers. And we ran that experiment. And again, it was one of these highly surprising results
that made it that we learned so much from it.

FRCERIR:

IRER—T, ZRAMEIREE T HEXERASE, ERSERE Lif. FKA7E 2008 FEAMMITX ML, FrLLX
Et Airbnb TE R, FICFHRFWUEKR. AHABZBFIRETHTA? AR XEERXAM. &itImiIHiazlk
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[00:09:49] Ronny Kohavi
English:

So we first did this. It was done in the UK for opening Hotmail, and then we moved it to MSN, so it would
open search in new tab, and all the set of experiments were highly, highly beneficial. We published this.
And | have to tell you, when | came to Airbnb, | talked to our joint friend Ricardo about this. And it was
sort of done, it was very beneficial, and then it was semi forgotten, which is one of the things you learned
about institutional memories. When you have winners, make sure to address them and remember them.
So it was at Airbnb done for a long time before | joined that listings opened in a new tab, but other things
that were designed in the future were not done. And | reintroduced this to the team, and we saw big
improvements.

AR ERIE:

B R EBRERE T Hotmail MAVXSEE, AEHT ET MSN, IHERERENTEITH, BE
LIMIEERR. HIMNARTHEXRIEX. EOMEIFIR, HFHFKE Airbnb BY, FEMFKNHEFEBARA Ricardo B
EXHE, SNXIHEEEMT —2B9, WREBE, EEREFERST, XMEFMIBHN “YiciZ”
(institutional memory) @@, H{RE T HRINNERS, —EEBiLRHIZEEN]. TEIHMA Airbnb Z&1, FBIR
FERNEERABRENTEITITAT,, EERIQITHN—EHINEINEEEEX—R. REFNRAFANEET X
MoE, BIVERT EXBRH.



[00:10:35] Lenny
English:

Shout out to Ricardo, our mutual friend who helped make this conversation happen. There's this holy
grail of experiments that | think people are always looking for of one hour of work and it creates this
massive result. | imagine this is very rare, and don't expect this to happen. | guess in your experience,
how often do you find one of these gold nuggets just lying around?

AR ERIE:

[ Ricardo B8, MEIAHRERIMAL, BT XAMNIE. AMBZEIHKREN “EF | B—/NEIF,
FEEANER. HBXIFEFL, FHNIZIEEEAE. EMBKEF, Xt S HRAPRREZS?

[00:10:57] Ronny Kohavi
English:

Yeah. So again, this is a topic that's near and dear to my heart. Everybody wants these amazing results,
and | show them in chapter one in my book, multiple of these small efforts, huge gain.

FROCERIR:

B, XNB—TMHIIFEXOHET, SPABEEXLERANER, HEPNE—ERT TSN Mg
A REHR” B9ZEH,

[00:11:13] Ronny Kohavi
English:

But as you said, they're very rare. | think most of the time, the winnings are made this inch by inch. And
there's a graph that | show in my book, a real graph of how Bing ads has managed to improve the revenue
per a thousand searches over time, and every month you can see a small improvement and a small
improvement. Sometimes the degradation because of legal reasons or other things. There were some
concern that we were not marking the ads properly. So you have to suddenly do something that you
know is going to hurt revenue. But yes, | think most results are inch by inch. You improve small amounts,
lots of them. | think that the best example that | can say is a couple of them that | can speak about.

AR ERIE:

BIEMMRFRE, ENFEFL. BIANKSKEER, BFAZ “T# B, REBERTT —KEXHNER, B
7 Bing I SUIfAIREENERERRSST RERNEN, 8TRMESBEEE —RR#ET. BNRNERR
ERHEMEFHIENR, thNBABORITREERITC &, FILURGARAM—ERNZREBRANNE
B BERE, RSHERBR—~—HBRNRN, MAHT —R[R, ERETRSL. HATLUETL MR
DFBILBIBIFo

[00:12:00] Ronny Kohavi
English:

One is at Bing, the relevance team, hundreds of people all working to improve bing relevance. They have
a metric, we'll talk about OEC, the overall evaluation criterion. But they have a metric that their goal is to
improve it by 2% every year. It's a small amount, and that 2% you can see here's a 0.1, and here's a 0.15,
here's a 0.2, and then they add up to around 2% every year, which is amazing.



AR ERIE:

—NE Bing FUMEXMHPA, BB AZES RS Bing XM, #I1E—Metri—R(EEZ%E OEC
(ZREFMNER) —INERERESERZERRES 2%, XR—MR/NHNEF, X 2% 28 0.1%.
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[00:12:28] Ronny Kohavi
English:

Another example that | am allowed to speak about from Airbnb is the fact that we ran some 250
experiments in my tenure there in search relevance. And again, small improvements added up. So this
became overall a 6% improvement to revenue. So when you think about 6%, it's a big number, but it
came out not of one idea, but many, many smaller ideas that each gave you a small gain.

AR ERIE:

S—IETLLKIER Airbnb B F2, ERERERE, FIVERREXMEAEIZTT T AL 250 K. B, #
INEH BRI TR, RABRNBERIEAT 6%, 6% 2— MEANHF, BEFERE—NMEZE, MEXE

[00:13:00] Ronny Kohavi
English:

And in fact, again, there's another number I'm allowed to say. Of these experiments, 92% failed to
improve the metric that we were trying to move. So only 8% of our ideas actually were successful at
moving the key metrics.

AR ERIE:

EFXLE, EE—IMERAIUATFIHF: EXLLIEH, 92% NKRERELESHRITIBRANER. BIER,
RE 8% BIRUARIERIIMHEERD 7 KB ET.

[00:13:17] Lenny
English:

There's so many threads | want to follow here, but let me follow this one right here. You just mentioned of
92% of experiments failed. Is that typical in your experience seeing experiments running a lot of
companies? What should people expect when they're running experiments? What percentage should they
expect to fail?

FRCERIR:

XEARSITERANRWIES, BiLRAZEX M. RN IRE 92% BILIERM T . RIFFEITFZAE]
MELWAVEZLE, XEFARME? AMITEBITRENNIZETAFNTHE? N ZTHRR S 2% DaISER
KRM?

[00:13:31] Ronny Kohavi

English:



Well, first of all, | published three different numbers for my career. So overall at Microsoft, about 66%, two
thirds of ideas fail. And don't think the 66 is accurate. It's about two thirds. At Bing, which is a much more
optimized domain after we've been optimizing it for a while, the failure rate was around 85%. So it's
harder to improve something that you've been optimizing for a while. And then at Airbnb, this 92%
number is the highest failure rate that I've observed.

FROCERIR:

B, RAmIHRRUEEFH=TFRHF. EHIK, SEMEAL66% (Z027) BREZIKRK. 66%
QRN KOMB=72Z2 =, £ Bing, ATFHNEBLMLTRKEE, XR2—NSEMRKRTN, KKE
2979 85%, MIUBELXRMANREZEM, ML Airbnb, 92% BEMEIHZRSRKE,

[00:14:09] Ronny Kohavi
English:

Now I've quoted other sources. It's not that | worked at groups that were particularly bad, Booking,
Google Ads, other companies published numbers that are around 80 to 90% failure rate of ideas. This is
where it's important of experiments. It's important to realize that when you have a platform, it's easy to
get this number. You look at how many experiments were run and how many of them launched. Not every
experiment maps to an idea.

AR ERIE:

Bs|AITHMER, HAZRKETIENERFAZE, Booking. Google Ads FHMAB AV F LARE
80% % 90% MRMEEH, XrteREHNEENE, EFIRE, SME—1Fal, REZRIIXINF: fRE
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[00:14:39] Ronny Kohavi
English:

So it's possible that when you have an idea, your first implementation, you start an experiment. Boom,
it's egregiously bad, because you have a bug. In fact, 10% of experiments tend to be aborted on the first
date. Those are usually not that the idea is bad, but that there is an implementation issue or something
we haven't thought about, that forces an abort.

AR ERIE:

BARESRE—TMRUAR, REVSE—XSEIMH AL, LSRIRHEER, BANE Bug, FLLE, 10% HIKERE
FEB-—RKMKALT, XEBERZRNERY, MEEAENERE, HEFERITKBEINRZRBE
A g 231

[00:15:01] Ronny Kohavi
English:

You may iterate and pivot again. And ultimately, if you do two, or three, or four pivots or bug fixes, you
may get to a successful launch. But those numbers of 80 to 92% failure rate are of experiments.

AR ERIE:

IRETRE S RATRIEE, BE, MBIHTT M RRIRIEES Bug 168, ITFTRESMIIE. B 80%
5] 920 BOKIMR RISV LINE,



[00:15:17] Ronny Kohavi
English:

Very humbling. | know that every group that starts to run experiments, they always start off by thinking
that somehow, they're different. And their success rate's going to be much, much higher, and they're all
humbled.

AR ERIE:

AR ILABE, BNESMRIETERNEN, KPR EECERTE, BRECHMNEREERES,
BREtIIEBSERERE,

[00:15:29] Lenny
English:

You mentioned that you had this pattern of clicking a link and opening a new tab as a thing that just
worked at a lot of different places.

FRSCERIE:
RRE “mEEEHERITSTITF XMERERZS AR A EEY.

[00:15:36] Ronny Kohavi
English:

Yeah.

FRCERIR:

=0

[00:15:37] Lenny
English:

Are there other versions of this? Do you do you collect a list of, "Here's things that often work when we
want to move" there's some you could share. | don't know if you have a list in your head.

AR ERIE:

EAHEMEMBRGG? RIWE—TBRD, il “SRNNEERDEIUETE, XEWEEERR 7 8
RE—ERUDERN? HANERRFERSE—NER,

[00:15:48] Ronny Kohavi
English:

| can give you two resources. One of them is a paper that we wrote called Rules of Thumb, and what we
tried to do at that time at Microsoft was to just look at thousands of experiments that run and extract
some patterns. And so that's one paper that we can then put in the notes.

FROCERIR:



HAIULMRANRER. HP—PR2HNNERREEN—RIEX, M (ZIEW) (Rules of Thumb), HBIEA]
SRMBHT TBITRERHA RN —EERER, HITBXRIEXRETENEAE,

[00:16:07] Lenny
English:

Perfect.

FSCEiE:

KIF 7o

[00:16:08] Ronny Kohavi
English:

But there's another more accurate, | would say, resource that's useful that | recommend to people. And

it's a site called goodui.org, and goodui.org is exactly the site that tries to do what you're saying at scale.
FRERIE:

BEE—NEEH. BERNRR, HEFLAR. 22— goodui.org ML, EIERRIRAMRMRIR
W7 35 B AR 14 o

[00:16:25] Ronny Kohavi
English:

So guy's name is Jacob [inaudible 00:16:28]. He asks people to send them results of experiments, and he
puts them into patterns. There's probably 140 patterns | think at this point. And then for each pattern he
says, "Well, who has that helped? How many times and by how much?" So you have an idea of this
worked, three out of five times. And it was a huge win. In fact, you can find that open a new window in
there.

FRCERIR:

8170 AR Jacob, it AMHBSRIER R M, ARMIBXLEERIAMMIER. BRIAME 140 MER. T
SR, WA “XEBTIE? MThTER? BATZL? 7 FURRMEX MUEERRPEZR
=X, MERKREM, FLLE, RAUERBERE “EHREOITH XMEN

[00:16:54] Lenny

English:

| feel like you feed that into ChatGPT, and you have basically a product manager creating a roadmap tool.
R EIE:

BUFNRMIBXLIAN ChatGPT, A LHERT —MEEMEIEBRLEN ‘mREFETR”

[00:17:01] Ronny Kohavi

English:



In general, by the way, a lot of that is institutional memory, which is can you document things well
enough so that the organization remembers the successes and failures, and learns from them?

AR ERIE:

IRER—T, SEIHKGR, XRARZE LBURTHIMIEZ, BMRERSEIEEBICREEBI, WEARREBICHE
BRINMIRIM, HMFFES?

[00:17:17] Ronny Kohavi
English:

| think one of the mistakes that some company makes is they launch a lot of experiments and never go
back and summarize the learnings. So I've actually put a lot of effort in this idea of institutional learning,
of doing the quarterly meeting of the most surprising experiments.

AR ERIE:

HIANN—ERTLENERZ—R, MNBHTRSEE, MMKREKEZEZELHIN. FAUKKFLEE “VHWF
37 RPMEZERANTREZES, HIIET “RLARIERE” NEESW

[00:17:32] Ronny Kohavi
English:

By the way, surprising is another question that people often are not clear about. What is a surprising
experiment? To me, a surprising experiment is one where the estimated result beforehand and the actual
result differ by a lot. So that absolute value of the difference is large.

AR ERIE:

IRER—T, “LARE BE—PAMNEERBRBHRE. +AZ<LANIRFIKE? WHFFKR, < AFRFH
KPR IETLERSKFERBERITNEE. BRI, MEZENEMERK.

[00:17:53] Ronny Kohavi
English:

Now you can expect something to be great and it's flat. Well, you learn something. But if you expect
something to be small and it turns out to be great, like that ad title promotion, then you've learned a lot.
Or conversely, if you expect that something will be small and it's very negative, you can learn a lot by
understanding why this was so negative. And that's interesting.

FRZERIE:

NRIRFFEAE AN A2 RIB, ERIANELKE, BIRFERT —LERA, BURMMBARIAEREN, SRNFEEE
A (EEaEBAT-EAREREFA) , BRFETRS. k2, URETHRMR), SRAFEAE, RETLLED
BN AXANERFERSZ, XRE®,

[00:18:17] Ronny Kohavi

English:



So we focused not just on the winners, but also surprising losers, things that people thought would be a
no-brainer to run. And then for some reason, it was very negative. And sometimes, it's that negative that
gives you insight. Actually, I'm just coming up with one example that of that, that | should mention.

AR ERIE:

FRUEMNARKEREK, BXE “CARFHEER —BPEAMBANEFREAIHINNAE, SRIMEER
H. B, ERXMAESRELIRERERE, Kirk, ZNBE—M6F, HiZE—T.

[00:18:36] Ronny Kohavi
English:

We were running this experiment at Microsoft to improve the windows indexer, and the team was able to
show on offline tests that it does much better at indexing, and they showed some relevance is higher, and
all these good things. And then they ran it as an experiment. You know what happened? Surprising result.
Indexing the relevance was actually high, but it killed a battery life.

FRCERIR:

FAEMEGEITE— o0 Windows ZR5(28895K50, HIMAEBLNIAFIERT ENRSIBMRIFRFS, BEXMUE
=, BZEMRLR. ARMIHBEFA—IPRERIET. MABLRETHAR? SARFNER: R3IEXME
HBRRS, EEHERTBMED,

[00:19:03] Ronny Kohavi
English:

So here's something that comes from left field that you didn't expect. It was consuming a lot more CPU
on laptops. It was killing the laptops. And therefore, okay, we learned something. Let's document it. Let's
remember this, so that we now take this other factor into account as we design the next iteration.

FRCERIR:

EME—MITE2RBENEIMER. EEECXTERLEETESZHN CPU, BERE “FR B, Eit,
gFIE, FAIFE T LR, ERIMBERR TR, E2EX—R, XEHNETRIT T RERRRSIEEEX
TR,

[00:19:23] Lenny
English:

What advice do you have for people to actually remember these surprises? You said that a lot of it is
institutional. What do you recommend people do so that they can actually remember this when people
leave, say three years later?

FRCERIR:

R AT EERERE “RE" BHARIN? RRXRAEZE LRV, RENANTEAM, 7FEEE
ARBR (tbIN=%FEF) B, KARRICEXLHINN?

[00:19:34] Ronny Kohavi

English:



Document it. We had a large deck internally of these successes and failures, and we encourage people to
look at them. The other thing that's very beneficial is just to have your whole history of experiments and
do some ability to search by keywords.

AR ERIE:

BRTH. HITABE DR TXERINMRBERFIARBELNTSE, FNEHAREES. 5—HFEE=H
EER, RETBOLKAE, HASKXBINRRIE.

[00:19:52] Ronny Kohavi
English:

So | have an idea. Type a few keywords and see if from the thousands of experiments that ran... And by
the way, these are very reasonable numbers. At Microsoft, just to let you know, when I left in 2019, we
were on a rate of about 20 to 25,000 experiments every year. So every working, day we were starting
something like 100 new treatments. Big numbers. So when you're running in a group like Bing, which is
running thousands and thousands of experiments, you want to be able to ask, "Has anybody did an
experiment on this or this or this?" And so that searching capability is in the platform.

FROCERIR:

EEanFEE—1RE, WAL XEE, BEERT LA NETINERS. - RER—T, XERFREL.
ERER, 32019 EEFN, BISFNIREANZ 2 HE 2.5 5. HHENR, SIMTEBRITFEK
£9 100 MHRYSRIRAH, MIRRR. FrLASIRER Bing X#FIETTEMT LA MLRAIE S, RSEE: “F
BB AT R FEASHANIKLE? 7 XMERENIMERTFEEF,

[00:20:32] Ronny Kohavi
English:

But more than that, I think just doing the quarterly meeting of the most successful... Most interesting,
sorry, not just successful, most interesting experiments is very key. And that also helps the flywheel of
experimentation.

AR ERIE:

BRI ZS, BIANERETEERN, DERMIIE--188, BEREBYN, FTREMRIN, 2E&EEBH
SRR RIFE XN, XA TFHMLIEA KL,

[00:20:45] Lenny
English:

It's a good segue to something | wanted to touch on, which is there's often, | guess a weariness of running
too many experiments and being too data-driven, and the sense that experimentation just leads you to
these micro optimizations, and you don't really innovate and do big things. What's your perspective on
that? And then, can you be too experiment driven in your experience?

AR ERIE:

XIEGFSIH T HBR—MER . AMNEESHBTAZ LR, STFHIRERDRERE, RELRIAZSHH
N, MAERECIFSMASE, (RNILEAR? RIBMNER, 2FE “TERERE BIERE?



[00:21:07] Ronny Kohavi
English:

I'm very clear that I'm a big fan of test everything, which is any code change that you make, any feature
that you introduce has to be in some experiment. Because again, I've observed this surprising result that
even small bug fixes, even small changes can sometimes have surprising unexpected impact.

FROCERIR:
HARERE, HE MK NEERFE, WER, MAMEBERMAEER. SINREMATIE, #Hum

BIESERH. AAZBERMRET XML ARFHER: BMERMIWEIRESE, EERMIBEE), B
SFFEL ARG BERAREIBIRME.

[00:21:30] Ronny Kohavi
English:

And so | don't think it's possible to experiment too much. | think it is possible to focus on incremental
changes because some people say, "Well, if we only tested 17 things around this," you have to think
about, it's like in stock. You need a portfolio. You need some experiments that are incremental that move
you in the direction that you know you're going to be successful over time if you just try enough. But
some experiments, you have to allocate sometimes to these high risk, high reward ideas. We're going to
try something that's most likely to fail, but if it does win, it's going to be a home run.

FRCERIR:

FRUAERRNANKEREIT %7 o BRIAAMEEFE "RXERHANNE" BRI, BEARER: MR
MR T 17 MEXRBYRUNRED -7 RORENFRE—HFBE . MBE—TRIBLAG. (FRE-LHER
FISLE, MRMEZRATEB S, MENENER, SNIEMERRINS R, BRELANEBLESNE. &
EREVAE D ECE A, B BRI —ERAFTRRKEER, BURERT, BUE— "2

[00:22:14] Ronny Kohavi
English:

And so you have to allocate some efforts to that, and you have to be ready to understand and agree that
most will fail. And I've amazing how many times I've seen people come up with new designs, or a radical
new idea, and they believe in it, and that's okay. I'm just cautioning them all the time to say, "Hey, if you
go for something big, try it out, but be ready to fail 80% of the time."

FROCERIR:

FREMRB NI D EE—LE4E 1, HRUIUESIFERARRASHLBNMBERY. SHFFHNZE, HRITH
RAHREFILIT BB BFRE, WITRERRE, XgXR. BR—ETMMI]: TR, WNRMEHEKEIN
&, A=, BEMIF 80% M EIFH KK ES.”

[00:22:42] Ronny Kohavi
English:

And one true example, that again, I'm able to talk about because we put it in my book, is we were at Bing
trying to change the landscape of search. And one of the ideas, the big ideas was we are going to integrate



with social. So we hooked into the Twitter fire hose feed and we hooked into Facebook, and we spent 100

person years on this idea.
R EIE:

—PEIHFF—HEXKILERANBIHBESTH T BE—HA)7E Bing SHNERRIIEF/, HF—1K
BERRINEBEHREMR. FTRBIMMHENT Twitter KK EIER (fire hose) , #NT Facebook, X
ELRANT 100 A/EBIETo

[00:23:14] Ronny Kohavi
English:

And it failed. You don't see it anymore. It existed for about a year and a half, and all the experiments were
just negative to flat. And it was an attempt. It was fair to try it. | think it took us a little long to fail, to
decide that this is a failure. But at least we had the data. We had hundreds of experiments that we tried.
None of them were a breakthrough. And | remember mailing Qi Lu with some statistics showing that it's
time to abort, it's time to fail on this. And he decided to continue more. And it's a million dollar question.
Do you continue, and then maybe the breakthrough will come next month, or do you abort? And a few
months later, we aborted.

AR ERIE:

HERRKMT . MRAEBREFREET. EFETAY—FF, MENKRERBARHEN, BEARELKED
B, XE—MEH, SHERATH. TIAARITEINRK. REBXFHNEEFSERKT. BEEDRITER
B BNEZATHENREE, RE-TERKMEN. KISFAMST (QiLu) KRB, AAITEIERAZMEL
T, BIHERAIAKRKT . EftREBSLE—ERIE, XE—IMMEBAETHRE:. REASSFHTTAA
BELHINAYZRE, ERIMELLL? JINAR, BHINALT,

[00:24:07] Lenny
English:

That reminds me of at Netflix, they tried a social component that also failed. At Airbnb, early on there was
a big social attempt to make, "Here's your friends that have stayed at these Airbnbs," completely had no
impact. So maybe that's one of these learnings that we should document.

AR ERIE:

XA Netflix B=AIHRAHE, BERKT. 7 Airbnb B, BB 1TEARNHR=R, bl “X2E
EXEERNALR" , ERTEREXM. MUXBIFRERIIMIZIZR FRNBINZ—

[00:24:21] Ronny Kohavi
English:

Yeah, this is hard. This is hard. But again, that's the value of experiments, which are this oracle that gives
you the data. You may be excited about things. You may believe it's a good idea. But ultimately, the oracle
is the controlled experiment. It tells you whether users are actually benefiting from it, whether you and
the users, the company and the users.

AR ERIE:



B, XM, EXmERENNE, ENMGRAIMEHEEEEN “Ha” . MAENEESFBREME, 7
BIANERTMFER., BRE, RIELEAZMHE. S FFAPEEEEMNTRE, UNABHNARES

X BRo

[00:24:48] Lenny
English:

There's obviously a bit of overhead and downside to running an experiment, setting all up, and analyzing
the results. Is there anything that you ever don't think is worth A/B testing?

FRSCERIE:
BT, IRBENPITEREASE—EFHENAEE . G881+ AEBRIRARNTERHTA/B MLXA?

[00:24:59] Ronny Kohavi
English:

First of all, there are some necessary ingredients to A/B testing. And I'll just say outright, not every
domain is amenable to A/B testing. You can't A/B test mergers and acquisitions. It's something that
happens once, you either acquire or you don't acquire.

FROCERIR:

B, ABUHE-—ELBENAREMN. REBT I, HIESTTHEES A/B WK REZNHE
(M&A) #1717 A/Billid. BRRAE—RHZFRE, MEAWME, EARWM,

[00:25:14] Ronny Kohavi
English:

So you do have to have some necessary ingredient. You need to have enough units, mostly users, in order
for the statistics to work out. So if you're too small, it may be too early to A/B test. But what I find is that in
software, it is so easy to run A/B testing and it is so easy to build a platform.

FROCERIR:

FRARIASE R E— LR ENR MG, MEBEGEBHFEAENU (BEEAF), SKITFATREEN. FILRIRIE
X/, 317 A/BNHEIREIE NEHT R, BHAM, ERETE, BT ABNRIFERS, HWETFSHIFER
o

[00:25:39] Ronny Kohavi
English:

| don't say it's easy to build a platform. But once you build a platform, the incremental cost of running an
experiment should approach zero. And we got to that at Microsoft, where after a while, the cost of
running experiments was so low that nobody was questioning the idea that everything should be
experimented with.

AR ERIE:



BRABRWEFERES. E—BMMETFE, BITKRENGMRMANMZELITE, HlEMRNRETX—
=, —BRiEGE, BITRRAIRANLEZR, UEFTKEABRRE “—HEMIZETRE" XME.

[00:25:59] Ronny Kohavi
English:

Now, | don't think we were there at Airbnb for example. The platform at Airbnb was much less mature,
and required a lot more analysts in order to interpret the results and to find issues with it. So | do think
there's this trade off. You're willing to invest in the platform. It is possible to get the marginal cost to be
close to zero. But when you're not there, it's still expensive, and there may be reasons why not to run A/B

tests.
R EE:

B0, FEARINAFEATEE Airbnb KXEI THNKF, Airbnb WTEEMAEERTS, FEBSHDINIMKBERFRELS
RARMEF. FIUFIANXZ—MNE. RMEERATE, SEYEILAMGKRERETEN, BMNRMR
EEOREIAR e, KRINARE S, AJREMAEMRAITITA/B M,

[00:26:28] Lenny
English:

You talked about how you may be too small to run A/B tests, and this is a constant question for startups
is, when should we start running A/B tests? Do you have kind of a heuristic or a rule of thumb of, here's a
time you should really start thinking about running an A/B test?

FRCERIR:

RIREIMR A/ NI RETERIETT A/B i, XEHEIATEERMEM: Bl It AR ZFF18ia1T A/B MiH?
BB ABANNTFAREWZAN, thin “B7TXMHER, (RMENIZEEEITA/B T ?

[00:26:42] Ronny Kohavi
English:

Yeah, a dollar question that everybody asks. So actually, we'll put this in the notes, but | gave a talk last
year, what | called it is practical defaults. And one of the things | show there is that unless you have at
least tens of thousands of users, the math, the statistics just don't work out for most of the metrics that
you're interested in.

FRCERIR:

2, XREMABREABXBET, KL, RINISEZXMRETENRE, EREFMI—NEH, HF
Zh “SRRAMET . HEBERTH—RE, RERELEYARAR, SN FIREEIIASHRIET,
BEMBHFRETERZS.

[00:27:05] Ronny Kohavi
English:

In fact, | gave an actual practical number of a retail site with some conversion rate, trying to detect
changes that are at least 5% beneficial, which is something that startups should focus on. They shouldn't



focus on the 1%, they should focus on the 5 and 10%. Then you need something like 200,000 users.
FRZERIE:
EX L, BRAEHT—IEMFIHTF: X F—TMREE—EEMRNTEMLE, WRIFEBNEHELD 5% N R

Ft (X2 QBNIZKER, T RZXE 1% BRFA, MRKE 5% 3 10%) , BRAIRTEEARL 20 H&A
Fo

[00:27:25] Ronny Kohavi
English:

So start experimenting when you're in the tens of thousands of users. You'll only be able to detect large
effects. And then once you get to 200,000 users, then the magic starts happening. Then you can start
testing a lot more. Then you have the ability to test everything and make sure that you're not degrading
and getting value out of experimentation. So you ask for rule of thumb, 200,000 users, you're magical.
Below that, start building the culture, start building the platform, start integrating. So that as you scale,
you start to see the value.

FRCERIR:

FREL, HIFMABHARBAN, MAJUFHERET, BRRERNEBERNREM. —BIREEI 20 58AF, &
BFFIERET o MEMRAIUFENRAEZ KA, BEONE—T), BRIVIEERY, AMKEPREN
Bo FRUAfRIPEZIEN: 20 5GAF, REHNT HEMER. EBZA1, FREIXK, FERETEe, Fia%
Bo XEEEMRBI K, (RIBEFRERINE,

[00:28:00] Lenny
English:

Love it. Coming back to this kind of concern people have of experimentation, keeps you from innovating
and taking big bets, | know you have this framework overall evaluation criterion, and | think that helps
with this. Can you talk a bit about that?

FROCERIR:

AET o EEIAMNM KB —BIKEZMEREIFMMETEANER, FMBEMRE—TM “FETNETR
(OEC) RIMEZR, FIANXBEIFHRRX M, (REEKIXID?

[00:28:14] Ronny Kohavi
English:

The OEC or the overall evaluation criterion is something that | think many people that start to dabble in
A/B testing miss. And the question is, what are you optimizing for? And it's a much harder question that
people think because it's very easy to say we're going to optimize for money, revenue. But that's the
wrong question, because you can do a lot of bad things that will improve revenue. So there has to be
some countervailing metric that tells you, how do | improve revenue without hurting the user experience?

AR ERIE:

OEC, EMZEWMNIEMR, FINNFSZRIFIaEM A/B MK ARBSRIE, REET: RERKTA? XB—
PMEENTERPHSZHEE, FRAR “BERLEZER. BN FEEH. ERZHRME, EAIRA U



MRS ERIEMBN. FRULIE —LHEEtR (countervailing metric) REHIFIR: NREFAREAFE
Joa9fER T ANUWN?

[00:28:53] Ronny Kohavi
English:

So let's take a good example with search. You can put more ads on a page and you will make more
money. There's no doubt about it. You will make more money in the short term. The question is, what
happens to the user experience, and how is that going to impact you in the long term?

AR ERIE:

IEEMNLIERAG. RAIUERELEREZ &, MEEIRESER. ELENR, EHRRIRES, HH
B, BRARRSEEFAZN, XERPARINAERZEIR?

[00:29:13] Ronny Kohavi
English:

So we've run those experiments, and we were able to map out this number of ads causes this much
increase to churn, this number of ads causes this much increase to the time that users take to find a
successful result. And we came up with an OEC that is based on all these metrics that allows you to say,
"Okay, I'm willing to take this additional money if I'm not hurting the user experience by more than this

much." So there's a trade-off there.
RS ERIF:

FRUFRAE1T T XKL, HEBLRFIL: TEREENSZFERRKRENSZ D, SBAFNEIIIER
FHREIEINZ D, BAMRE T — P EFREXLEIEITH OEC, ILAREEBH: “NREMAFAEENRERE
AXNMEE, HEREMRXETIMNIER.” FIUXEE—MUE,

[00:29:41] Ronny Kohavi
English:

One of the nice ways to phrase this, as a constraint optimization problem. | want you to increase revenue,
but I'm going to give you a fixed amount of average real estate that you can use. So for one query, you can
have zero ads. For another query, you can have three ads. For a third query, you can have wider, bigger
ads. I'm just going to count the pixels that you take, the vertical pixels. And | will give you some budget.
And if you can under the same budget make more money, you're good to go.

FROCERIR:

—HREFVFTEAXBRHEDA “ORMEEE" o RHBBMBMBEN, ERILMR—IEENTIIREEE

(real estate) ¥, WF—1&EW, FRAUREN&; HFH—1, FEATUB=1; WFE=1, RATLIK
R, EAN &, HRTBEMEANGR, NEEGR. RBM—ENTRE, NMRIRETHERITRE TR
FEHk, BRIRFAIZNT .

[00:30:16] Ronny Kohavi

English:



So that to me turns the problem from a badly defined, let's just make more money. Any page can start
plastering more ads and make more money short term, but that's not the goal. The goal is long-term
growth and revenue. Then you need to insert these other criteria, and what am | doing to the user
experience? One way around it is to put this constraint. Another one is just to have these other metrics.
Again, something that we did, to look at the user experience. How long does it take the user to reach a
successful click? What percentage of sessions are successful? These are key metrics that were part of the

overall evaluation criteria, that we've used.
FhERIE:

FRUAS R, ZHBEBM—NEXRIEY LRMNRES R BT T —NERFRRE. EAITTEmER L
BIMHR SEERNRESE, BRFEETR. BRE2KANERMNEBN. BAMMBZMAEMITE: K
MAFAREISRT ARm? —MAERKEOREN, F—MESINAEMIET. IBEHRNEINERS, Lt
IMBAFKLE: BRREEZKEEIA TR —ANINRE? RNRENESLEZD? XERERIER
BYLR BTN IR R B K B E 1T

[00:30:55] Ronny Kohavi
English:

| can give you another example by the way, from the hotel industry or Airbnb that we both worked at. You
can say, "l want to improve conversion rate," but you can be smarter about it and say, "It's not just
enough to convert a user to buy or to pay for a listing. | want them to be happy with it several months
down the road when they actually stay there."

FRCERIR:
IRER—T, HAUGMRSZ—TREBEETILHIANETIEIH Airbnb B9 F. RATLUR “BBiRS L

=, EFTINERA—S, # CROLARRE. BRESAERRRSN. BESMGINENAEEE
N EIHE,”

[00:31:19] Ronny Kohavi
English:

So that could be part of your OEC to say, "What is the rating that they will give to that listing when they
actually stay there?" And that causes an interesting problem, because you don't have this data now.
You're going to have it three months from now when they actually stay. So you have to build the training
set that allows you to make a prediction about whether this user, whether Lenny is going to be happy at
this cheap place. Or whether no, | should offer him something more expensive, because Lenny likes to

stay at nicer places where the water actually is hot and comes out of the faucet.
R EIE:

FRUAX BT LARL AR OEC B9—&R5D, Bl: “StfIREENEN, SH8RERITZDH? 7 X5IRKT—NEBIE
A, RAFRELEZXNEE, (REF=TARMINENAB. FRUMRGIE— MRS, LLIREEBITN
XA (b Lenny) EXMEERMARE R 0o HEF, HMIZAMMBEEFESRAMTT, BN Lenny B
SAETEEGFRIM TS, BREKRELERBAIKENZRR,

[00:31:52] Lenny

English:



That is true. Okay, so it sounds like the core to this approach is basically have a drag metric that makes
sure you're not hurting something that's really important to the business, and then being very clear on
what's the long-term metric we care most about.

AR ERIE:

Hascgltt. 4F, FRUADRERXM7SENZOER ERIRE— “TANHEMN" (drag metric) , WRILBREN
WSESEEEENRA, ARIFBERKNEXONKIETRZE M 4o

[00:32:05] Ronny Kohavi
English:

To me, the key word is lifetime value, which is you have to define the OEC such that it is causally
predictive of the lifetime value of the user. And that's what causes you to think about things properly,
which is, am | doing something that just helps me short term, or am | doing something that will help me
in the long term? Once you put that model of lifetime value, people say, "Okay, what about retention
rates? We can measure that. What about the time to achieve a task? We can measure that." And those are
these countervailing metrics that make the OEC useful.

FROCERIR:

MNEKG, XBIAZ “KRENE" (LTV). REEX OEC, EHAEBRRMMINAFANESNME. XR(ERE
fREMIE R HUNFBERNEERRNEEY, CEEKPRNEGE? —BEMBILTASNERE,
MNMImMZR: e, BEEREE? FATATLUNE, STRAESHER? HiltbaLUlE,” XERmZik OEC
T13HE A EETT.

[00:32:43] Lenny
English:

And to understand these longer term metrics, what I'm hearing is use models, and forecast, and
predictions, or would you suggest sometimes use a long-term holdout or some other approach? What do
you find is the best way to see these long term?

FRSCERIF:
AT BB EKEAETR, RFEINSERER. FUMME. HERSBINERERKEMNEYA (long-term

holdout) BEMTFFED? (RNAMBEXERBARIMNRESNEMHA?

[00:32:57] Ronny Kohavi
English:

Yeah, so there's two ways that | like to think about it. One is you can run long-term experiments for the
goal of learning something. So | mentioned that at Bing, we did run these experiments where we
increased the ads and decreased the ads, so that we will understand what happens to key metrics.

FROCERIR:

2H, ZREXMBINEEREES, ——RIMRAUANTEIRERAMBITRASL, EMHRERR, 7% Bing, &
(MHaSSE TGN SR HHKRE, WETRXBIETRSLKEFTAZL.



[00:33:16] Ronny Kohavi
English:

The other thing is you can just build models that use some of our background knowledge or use some
data science to look at historical... I'll give you another good example of this. When | came to Amazon,
one of the teams that reported to me was the email team that it was not the transactional emails when
you buy something, you get an email. But it was the team that sent these recommendations. "Here's a
book by an author that you bought. Here's a product that we recommend." And the question is, how do

we give credit to that team?

AR ERIE:

S—HERMAUEERE, MARNNERNIRNBERFREBHERE - ZBLIRE—TRIFHIA
Fo HIKEMLSBE, AFCIRNEAMZ —ZHHE. XFBIEMERARWEINZZEH, MELEHE
FEBHE, i “XRMREIBREELHRE . “XRFNEFN~m” o WEZR, HMOFLEXD
FpAigzh (3ED ?

[00:33:49] Ronny Kohavi
English:

And the initial version was, whenever a user comes from the email and purchases something on Amazon,
we're going to give that email credit. Well, it turned out this had no countervailing metric. The more
emails you send, the more money you're going to credit the team. And so that led to spam. Literally a
really interesting problem. The team just ramped up the number of emails that they were sending out,
and claimed to make more money, and their fitness function improved.

AR ERIE:

RUNRAZE: SHAFEIHERITSHHMERAN, FIHMAIRIEHGICT, ERRM, XLHGIE
iR, RAZHEHES, BERRZ THERES, XSETHIREBAZER, XENE— M EEE80E
o FARBAUTIE A X HRIEE, HEMBRT ESH, tITRERERE (fitness function) LIRS
To

[00:34:20] Ronny Kohavi
English:

So then we backed up and then we said, "Okay, we can either phrase this as a constraint satisfaction
problem. You're allowed to send user an email every X days or," which is what we ended up doing is,
"Let's model the cost of spamming the users."

AR ERIE:

FRIKMNEBE—FH: “WE, BRMNBAKEREN—TMARFBRRZE — LR ITE X RGAF K —EHHR
fr; Ba—XBWERNELM—ILINN TBHAR BIRAHITER”

[00:34:37] Ronny Kohavi
English:

What's that cost? Well, when they unsubscribe, we can't mail them. So we did some data science study on
the side and we said, "What is the value that we're losing from an unsubscribe?" And we came up with a



number, it was a few dollars. But the point was, now we have this countervailing metric. We say, "Here's
the money that we generate from the emails. Here's the money that we're losing on long-term value.
What's the trade-off?" And then when we started to incorporate those formula, more than half the
campaigns that were being sent were negative.

FRCERIR:

AR A? HAFRITH, RNMAEBLMITLEMGT . AR T —EMEASRERFHT, @
BRITIERANRR T Z0ME? 7 RIIBH T — 1M 8F, KAR/L%ET. BXRET, UERINTETED
HEHETR. FTH: “XBEATERN, XRENRROKBNE NEBHA? 7 SRNFRIINAXLE
AT, KRBT —FEHEHEDHER A,

[00:35:14] Ronny Kohavi
English:

So it was a huge insight at Amazon about how to send the right campaigns. And this is what | like about
these discoveries. This fact that we integrated the unsubscribe led us to a new feature to say, "Well, let's
not lose their future lifetime value through email. When they unsubscribe, let's offer them by default to
unsubscribe from this campaign."

AR ERIE:

XETSHE—NEXRIER, XTFNALEERNEREN. XMBRERNXLELMBIMSG. FITFRITH
REGHRNFNGISHNART T “FE, RN AEZERNEEMREMIIRKOLSMNE. H
fATRITRY, IEFMEOARE ORITICRFERD BOEDL”

[00:35:41] Ronny Kohavi
English:

So when you get an email, there's a new book by the author. The default to unsubscribe would be
unsubscribe me from author emails. And so now, the negative, the countervailing metric is much smaller.
And so again, this was a breakthrough in our ability to send more emails, and understand based on what

users were unsubscribing from, which ones are really beneficial.
R EIE:

FRUAE RUREI— 1 X FRAFEHBAVERHES, FABRRITETUZ “BITZFERVENE" o XK, AEBIH
EEmMIMEZ. XNBRMNERZXEZEHEN EN—TRK, HFEEREAFPRITNRE, EEHPLHRA
EHRIEAmA,

[00:36:06] Lenny
English:

| love the surprising results.
R EE:

HERXEL NMRFHLER.

[00:36:08] Ronny Kohavi



English:

We all love them. This is the humbling reality. And people talk about the fact that A/B testing sometimes
leads you to incremental... | actually think that many of these small insights lead to fundamental insights

about which areas to go, some strategies we should take, some things we should develop. Helps a lot.
R EIE:

BAEBER. Xt NBEENIISE. ATEH A/B NIRE K= SEIRENME Dt BFSEFR LN,
WEXEMNRARISISIIRTEXRTREAR. MNRRARBULNFLZVINENRAERE. FEEHE
o

[00:36:31] Lenny
English:

This makes me think about how every time I've done a full redesign of a product, | don't think ever, has it
ever been a positive result. And then the team always ends up having to claw back what they just hurt
and try to figure out what they messed up. Is that your experience too?

AR ERIE:

XiLRAGE, SRBRM=GRMNEEENRIT (redesign) BY, HENRHPMKLZELERNER, REEHNLEE
PEAREFRLESHIRENLE, HiXEFERIRBM T 4. XURIRPVELED?

[00:36:47] Ronny Kohavi
English:

Absolutely, yeah. In fact, I've published some of these in LinkedIn posts showing a large set of big
launches and redesigns that dramatically failed, and it happens very often. So the right way to do this is
to say, "Yes, we want to do a redesign, but let's do it in steps and test on the way and adjust," so you don't
need to take 17 new changes, that many of them are going to fail. Start to move incrementally in a
direction that you believe is beneficial. Adjust on the way.

FRCERIR:

BIRXIF, FELLE, A Linkedin EAT -7, BRT —KHEEERMHNERLKBMENRITERA, X
MIBERIEREME. PRAERNGENZE: “28, FRIBEMERLT, RN THET, GEDNHAFHE
£.” XFMBMAFTERMEM 17 D), BAEPRSEMBEIRK. BEMANERENSRZ SR, HE
BERHITIAZ,

[00:37:24] Lenny
English:

The worst part of those experiences | find is it took three to six months to build it. And by the time it's
launched, it's just like, "We're not going to unlaunch this. Everyone's been working in this direction. All
the new features are assuming this is going to work," and you're basically stuck.

FROCERIR:

HEAMXEZHRRERNBOZ, BT ZERTARGRE, FELHN, AKMERT: “HiIIFEREH
Kt BMAB—EHREXNAME, PREMMEEHRIEI MRITEER." ARMMER LREET .



[00:37:41] Ronny Kohavi
English:

| mean, this is a sunk cost fallacy. We invested so many years in it. Let's launch this, even though it's bad
for the user. No, that's terrible. Yeah. Yeah. So this is the other advantage of recognizing this humble
reality that most ideas fail. If you believe in that statistics that | published, then doing 17 changes together
is more likely to be negative. Do them in smaller increments, learn from, it's called OFAT one-factor-at-a-
time. Do one factor, learn from it, and adjust. Of the 17, maybe you have four good ideas. Those are the

ones that will launch and be positive.

AR ERIE:

XPZE “TURMAIZIR” (sunk cost fallacy)o  “TITRANTXAZAE, BMENABATRL, BRHE." T,
BAEMRTo FRL, AN “REBIGEMEERY XMHREBMELHNSZ—IMFLRE: NRMEERAHHSRITE
12, BABY 17 MEEE AT ENEFM. NIZUE/NEERM, MFFS, WA OFAT (—R
—1MRAR) . H—TAR, NFFES, AFEE, 78 17 MUEP, BiFFE 4 MFER, XETBRERT
HrrE IERFMMATARE.

[00:38:22] Lenny
English:

| generally agree with that, and always try to avoid a big redesign, but it's hard to avoid them completely.
There's often team members that are really passionate like, "We just need to rethink this whole
experience. We're not going to incrementally get there." Have you found anything effective in helping
people either see this perspective, or just making a larger bet more successful?

FRSCERIF:
REEREX—m, HEE2RBEBREANERLIT, BEETSES, RESEHR AT HRIEIR:

‘HMNAFEEMREZE MR, FHHASHESERE BN (RERERMT LB E, EFREBAL]
EEX MR, RELEANEFREEMT?

[00:38:42] Ronny Kohavi
English:

By the way, I'm not opposed to large redesigns. | try to give the team the data to say, "Look, here are lots
of examples where big redesigns fail." Try to decompose your redesign if you can't decompose it to one
factor at a time, to a small set of factors at a time. And learn from these smaller changes what works and

what doesn't.
AR ERIE:

IRER—T, HARRMEARNERMKIT. ZZRNAGFNRHGE, Skt “F, XEERZERENMRI
KMEIGIF.” DRDBRMNERIZIT, NRFEDEE—R—IEER, BBRDEE—R—NEBOEFR. KX
BNBIREh R FE S LR, WL,

[00:39:08] Ronny Kohavi

English:



Now, it's also possible to do a complete redesign. Just, as you said yourself, be ready to fail. | mean, do
you really want to work on something for six months or a year, and then run the A/B test, and realize that
you've hurt revenues or other key metrics by several percentage points? And a data-driven organization
will not allow you to launch. What are you going to write in your annual review?

FRCERIR:

YA, #THRNEIZITEETEN. ISZENRE SR, BERFRKEES, RPOERE, MENER
ATAS—ENEMESGS, ARETABNE, EREMFRETWAIEHMXEIERF L TIED RB? —
PMHERIARR IR ATFREARR, BIMFERLSLEELT?

[00:39:33] Lenny

English:

But nobody ever thinks it's going to fail. They think, "No, we got this. We've talked to so many people."
R EIE:

BEAZRBESERM. I8 “F, B&ilET, RIMNEELMEZAWET.”

[00:39:38] Ronny Kohavi
English:

But | think organizations that start to run experiments are humbled early on from the smaller changes.
Right? You're right. I'll tell you a funny story. When | came from Amazon to Microsoft, | joined the group,
and for one reason or another, that group disbanded a month after | joined.

AR ERIE:

BFiAA, FHRETEENAREFAMSMBBERNNREHREZRE. RSN, RAMRANEENK
Fo SRMNITDEREHIRET, FHIONT —NE, ERFEMRE, BNMNAERMAN—TBEMERT .

[00:39:57] Ronny Kohavi
English:

And so people came to me and said, "Look, you just joined the company. You're at partner level. You
figure out how you can help Microsoft." And | said, "I'm going to build an experimentation platform,"
because nobody at Microsoft is running experiments. And more than 50% of ideas in Amazon that we
tried failed. And the classical response was, "We have better PMs here."

FRZERIE:

FRAMMIBEKIFZKIR: “F, MUMARE, MEBEIKAL?, MEREAREREIMR" L. “HEWE—
KEFE.” RASNHIEAIEITER, MAELDH, HIZHNBEEED 50% BRMT .. HEFREHEN
REE: “BATXENPM (FREE) BERE.”

[00:40:26] Ronny Kohavi

English:



Right? There was this complete denial that it's possible that 50% of ideas that Microsoft is implementing,
in a three-year development cycle by the way. This is how long it took Office to release. It was a classical

every three years we release.

AR ERIE:

MIE? S A2 TN EREIER 50% AJRES KM —IRER—T, HRE=FHFLEH. Office
SBEMBE=FLH—Ro

[00:40:42] Ronny Kohavi
English:

And the data came about showing that Bing was the first to truly implement experimentation at scale.
And we shared with the rest of the companies the surprising results. And so when Office was... And this
was credit to Qi Lu and Satya Nadella, they were ones that says, "Ronny, you try to get Office to run
experiments. We'll give you the air support." And it was hard, but we did it. It took a while, but Office
started to run experiments, and they realized that many of their ideas are failing.

FRCERIR:

[EREIRIERA, Bing @ —MEIEAMELEILIGNEI T KIMNAATEHMERIHZET BLLS NFFHER,
FrAZ Office &B17] - - XBYATH FREFMiEIRIL - Ph1EHI (Satya Nadella) , ftfi1i:  “Ronny, fREEIL
Office BT, EiRBMTHERIER.” XM, BEIMMMEIT, 7 —EHE, {8 Office FHIRIEITRISE,
IIRIRE B S HF 2 ARE SRR K,

[00:41:20] Lenny
English:

You said that there's a site of a failed redesigns. Is that in your book or is that a site that you can point

people to, to help build this case?
FRCERIE:

RREI B — P X TR ERIZITHINIG, BEMOBE, BRMATLIES ANEN—WG, BREHEIL
XAPZEL?

[00:41:29] Ronny Kohavi
English:

| teach this in my class, but | think I've posted this on LinkedIn and answered some questions. I'm happy

to put that in the notes.

RS ERIF:
HREREE FibE XD, HBE Linkedin A EtEFHEIZE T —EaH, FEFEINERETENEE,

[00:41:36] Lenny

English:



Okay, cool. We'll put that in the show notes. Because | think that's the kind of data that often helps
convince a team, "Maybe we shouldn't rethink this entire onboarding flow from scratch. Maybe we should
iterate towards and learn as we go."

AR ERIE:

T8, XiET. HMNFLPERETENERE. BHBIAAZMEEREGTRARE: “BIFRINFRZM
KHEEMRBERMIFSISMNIE. BIFRINZESENFHLELS”

[00:41:48] Lenny
English:

This episode is brought to you by Eppo. Eppo is a next generation A/B testing platform built by Airbnb
alums for modern growth teams. Companies like DraftKings, Zapier, ClickUp, Twitch, and Cameo rely on

Eppo to power their experiments.
FRERIE:

AHAT EHA Eppo B, Eppo & H Airbnb &R & AIMAIEKHAEENT—H A/BMILF S, DraftKings.
Zapier. ClickUp. Twitch #1 Cameo F AR EBAH Eppo RIXEHIAYSLLE,

[00:42:02] Lenny
English:

Wherever you work, running experiments is increasingly essential, but there are no commercial tools that
integrate with a modern growth team stack. This leads to wasted time building internal tools or trying to

run your own experiments through a clunky marketing tool.
FEiE:

TRREMELF, BITRRATFSHREER, EENTRER L TAESIRE KA RAKLTERE
Bo XFHATRANEHEANNIE, HEZHLBEIRENEHETREBITER,

[00:42:15] Lenny
English:

When | was at Airbnb, one of the things that | loved most about working there was our experimentation
platform, where | was able to slice and dice data by device types, country, user stage.

FROCERIR:

HITE Airbnb B, RERERNLERTZ—MERIINELETE, RAUUERERLERE. ER. BPMER
MEHRHITII R 734

[00:42:25] Lenny
English:

Eppo does all that and more, delivering results quickly, avoiding annoying prolonged analytic cycles, and
helping you easily get to the root cause of any issue you discover. Eppo lets you go beyond basic click
through metrics, and instead use your North Star metrics like activation, retention, subscription and



payments. Eppo supports tests on the front end, on the back end, email marketing, even machine
learning clients. Check out Eppo at geteppo.com, that's geteppo.com, and 10X your experiment velocity.

AR ERIE:

Eppo EEFMEXLENGEEFES, CRRERGER, BRMAREKIINEAR, HEMRERKREILZINE
Al AR AREE, Eppo itfRBHEEAN ST EIER, BEMEARE. 87, ITRNZSFILREET.
Eppo Z¥5ail%. fain. BBGEHEENBZFITFHIMIR, 57 geteppo.com &EF Eppo, ILFREITLIIR
B 10 %,

[00:42:55] Lenny
English:

Is it ever worth just going, "Let's just rethink this whole thing and just give it a shot," to break out of a

local minima or local maxima essentially?
R EIE:
NTRRFTBN “BEfR/ME” B BEfRAE" , REESEER UHNEREBZZGSFHA—A ?

[00:43:03] Ronny Kohavi
English:

Yeah. So | think what you said is fair. | do want to allocate some percentage of resources to big bets. As
you said, we've been optimizing this thing to hell. Could we completely redesign it? It's a very valid idea.
You may be able to break out of a local minima. What I'm telling you is 80% of the time, you will fail. So be
ready for that. What people usually expect is, "My redesign is going to work." No, you're most likely going

to fail, but if you do succeed, it's a breakthrough.
FZERiE:

Bl BIANRRBNRAF. RMLBAERBEEDE—ELLHIEIR, EWNRFAR, HMNELEXTRAER
EIRET , BEFREYRENRITE? X2— M EEAENRE, MARESRKEIHR/ME. BREIFME
2, 80% HIRYEIRE K. FRAEMIFES. AMIEETHNE: “BHEMKUHERR." F, FREEE
M, BIRIFERAINT, BRE—1RKo

[00:43:35] Lenny

English:

I like this 80% rule of thumb. Is that just a simple way of thinking about it? 80% of your-
R EIE:

HERX T 80% ZWEN. XRZB—TERENBEHZINL? {7 80% BY

[00:43:39] Ronny Kohavi
English:

That's my rule of thumb. And I've heard people say it's 70% or 80%. But it's in that area where | think
when you talk about how much to invest in the known versus the high risk, high reward, that's usually the



right percentage that most organizations end up doing this allocation, right? You interviewed Shreyas. |
think he mentioned that Google is like 70% the searching ads, and it's 20% for some of the apps and new
stuff, and then it's the 10% for infrastructure.

FhSCERIF:

XEERMEZWEN, FKIFAiRE 70% 5 80%, {ETEITIERABHNES S XK SEIRMEALLF, XBES
ASHBLRRARINNHELLE, IIE? #REiAE Shreyas, FHAAMIZE)T Google ALE 70% BANIEZHRT
£, 20% AN BIMEFHEY), 10% BNERIGHE,

[00:44:16] Lenny
English:

And | think the most important point there is if you're not running an experiment, 70% of stuff you're

shipping is hurting your business.
R EIE:
BINNREBN—RE: WRIMAFIZITER, REHRY 70% KRR BEIETEREIRAL S,

[00:44:23] Ronny Kohavi
English:

Well, it's not hurting, it's flat too negative. Some of them are flat. And by the way, flat to me, if something
is not Statsig, that's a no ship, because you've just introduced more code. There is a maintenance
overhead to shipping your stuff. I've heard people say, "Look, we already spent all this time. The team will
be demotivated if we don't ship it." And I'm, "No, that's wrong guys. Let's make sure that we understand
that shipping this project has no value, is complicating the code base. Maintenance costs will go up." You
don't ship on flat, unless it's a legal requirement. When legal comes along and says, "You have to do X or
Y," you have to ship on flat or even negative. And that's understandable.

FRCERIR:

B, F—ERIRE, Me LK=" B “hlE” . BERELKEN. IMER—T, WK, MRFEN K
RAREISRITEE (Statsig) , AFAEERT, ANRRBIINTESNE. KHARESHEFTHN. KA
Ait: “F, BIELRTXASHE, MRALE, BARSKESD” BIW: “F, K], B2EN.
HINEHAD, 2HBXNTKENENTERISZILABERSER, HIFMES L " FRIERERER, SNFE
RETRMNER, HESE IR “REFUEXF Y B, BMEREXKHEEAENAEIREIELER, BE
BT LAIRRRAY,

[00:45:08] Ronny Kohavi
English:

But again, | think that's something that a lot of people make the mistake of saying, "Legal told us we have
to do this, therefore we're going to take the hits." No, legal gave you a framework that you have to work
under. Try three different things, and ship the one that hurts the least.

AR ERIE:

BEHE, TANRSALENERENR: “EZSHIFRBANVOIZFY, FAURMNBARRR.” &, ESREAT
R—TMRBIUETHESR, ZH=MAENLR, ARAHGHRERHE—T,



[00:45:25] Lenny
English:

That reminds me when Airbnb launched the rebrand, even that they ran as an experiment with the entire
homepage redesigned, the new logo, and all that. And | think there was a long-term holdout even, and |
think it was positive in the end from what | remember.

AR ERIE:
XIS Airbnb X REEEYE (rebrand) B, EEERMIEEN—IPLRITTH, SIEE I ETIERMS
it. # Logo FF., RICBEEXRE—MKIIMERYE, KREEREERN,

[00:45:41] Lenny
English:

Speaking of Airbnb, | want to chat about Airbnb briefly. | know you're limited in what you can share, but
it's interesting that Airbnb seems to be moving in this other direction where it's becoming a lot more top-
down, Brian vision oriented. And Brian's even talked about how he's less motivated to run experiments.
He doesn't want to run as many experiments as they used to. Things are going well, and so it's hard to
argue with the success potentially. You worked there for many years. You ran the search team essentially.
| guess, what was your experience like there? And then roughly, what's your sense of how things are
going, where it's going?

FROCERIR:

WE Airbnb, FAEEIN,. RANBMRESZNABTER, EEENZ, Airbnb MFERES—ITHRAKE,
TRIEMB LM T, LLBrian (JIHE) WERNFM. Brian EEREMIBITRIENTIIMES T, thAREBEKIU
AARIFIEITIBAZ LY, BRIERHEIF, FrIURERZZMAI. MEBEIETREZE, ASERH
FAo FRTEBRERVEHREFR? MBERFIAERRNM, KREZEBMRS?

[00:46:15] Ronny Kohavi
English:

Well as you know, I'm restricted from talking about Airbnb. I will say a few things that | am allowed to say.
Oneisin my team in search relevance, everything was A/B tested. So while Brian can focus on some of the
design aspects, the people who are actually doing the neural networks and the search, everything was
A/B tested to hell. So nothing was launching without an A/B test. We had targets around improving
certain metrics, and everything was done A/B test.

AR ERIE:

SNORFRAD, FARPRHIXIC Airbnbe W /LRFEMAFRB. —RERNERBXEEF, FIERAHES
F A/B M. FRLARSA Brian AILLE ZFRERITAE, EBREEBHENEMNMERNA, FIEREEHEI TR
H=&E9 A/B Mide RBEEMARARERE A/BINIRNER TAHE. FITEUHRELEERNER, —T#HE
iJ A/B Mt TER.

[00:46:50] Ronny Kohavi

English:



Now other teams, some did, some did not. | will say that when you say things are going well, | think we
don't know the counterfactual. | believe that had Airbnb kept people like Greg Greeley, which was
pushing for a lot more data driven, and had Airbnb run more experiments, it would've been in a better
state than today. But it's the counterfactual. We don't know.

FRCERIR:

ETHME, BT, B0, BBHNE, JMKE “BRERmF) B, RAARNFNE “‘RE
K7 (counterfactual) &R, FHABE, WR Airbnb BET £ Greg Greeley XIFHTHEIBIRMIAIA, WR
Airbnb BT T EZLE, EUENRKERLESKELY. BBRERELX, HKIMEMEH,

[00:47:14] Lenny
English:

That's a really interesting perspective. Airbnb's such an interesting natural experiment of a way of doing
things differently. There's de-emphasizing experiments, and also, they turned off paid ads during Covid.
And | don't know where it is now, but it feels like it's become a much smaller part of the growth strategy.
Who knows if they've ramped it up to back to where it's today, but | think it's going to be a really
interesting case study looking back five, 10 years from now.

AR ERIE:

XE— T EEEENMRA. Airbnb ZEME—TNEEEBYN “BAXE” , BT AENMELSR. #FE
SRIALL, MEERIEHREXAT HE S, RFMENEBERINA, BREXELM MG KAREPRNB—
. ENEMNNERSSELMER T URIRIKF, ERUNNAE+TERLEILRE, XKE—TEEER
GRESIE

[00:47:38] Ronny Kohavi
English:

It's a one-off experiment where it's hard to assign value to some of the things that Airbnb is doing. |
personally believe it could have been a lot bigger and a lot more successful if it had run more controlled
experiments. But | can't speak about some of those that | ran and that showed that some of the things
that were initially untested were actually negative and could be better.

AR ERIE:

XML, RYMEL Airbnb IEEMB—EZR/AERNE. HDAINA, NREEBTTESRITRR,
ERFLUMMEER. BRI, ERFEXKICHETIN LRI, LN RA, —ERIRZMWHABIRER
frERAmEN, AAILMSELT.

[00:48:04] Lenny
English:

All right. Mysterious. One more question. Airbnb, you were there during Covid, which was quite a wild
time for Airbnb. We had Sanchan on the podcast talking about all the craziness that went on when travel
basically stopped, and there was a sense that Airbnb was done, and travel's not going to happen for years
and years. What's your take on experimentation in that world where you have to really move fast, make
crazy decisions, and make big decisions? What was it like during that time?

FROCERIR:



YFIB, B, AR, BIBEHAEIRTE Airbnb, XY Airbnb RiZE—MIFERITRIEIHES, Sanchan
ERE LR SR VENEFN R ENEMRIEER, SRE—MEIE Airbnb BET , Kl ZFEHA=
MmE. ERMLIRERITE. MERIPREMBERRENIFIET, MUEREFTAEE? BEREEZHAEF
AY?

[00:48:34] Ronny Kohavi
English:

So | think actually in a state like that, it's even more important to run A/B tests, right? Because what you
want to be able to see is if we're making this change, is it actually helping in the current environment?
There's this idea of external generalizability. Is it going to work out now during Covid? Is it going to
generalize later on? These are things that you can really answer with the controlled experiments, and
sometimes it means that you might have to replicate them six months down when Covid say is not as
impactful as it is.

AR ERIE:

FRAERINA, EBMHRET, 517 A/BMALMFLEMER, MIE? BAMEBEINE, WRENBLXNEK
T, EEEHAIMETEETENEEY? XBE— “IMEPEEM" (external generalizability) B EER
TBHABIEZAIS? LUSREHT 15? XEBMEELUBIRITLIREIZNRR, AR XEKRERAIEREEN
TARE (BEEEEGEN) EEXH,

[00:49:11] Ronny Kohavi
English:

Saying that you have to make decisions quickly, to me, I'll point you to the success rate. If in peace time
you're wrong two thirds to 80% of the time, why would you be subtly right in wartime, in Covid time?

AR ERIE:

ETRBIIRFMRE , RRILIREBRINE, MREMFIIEIR 2/3 B 80% BT EIEREHERY, Nt ATELF
BYHA. TR iBRAE R RS AZ IEH T IE?

[00:49:26] Ronny Kohavi
English:

So I don't believe in the idea that because bookings went down materially, the company should suddenly
not be data driven and do things differently. | think if Airbnb stayed the course, did nothing, the revenue
would've gone up in the same way.

FROCERIR:

FRUEFHEERATITEKXRE TR, REMNMIZRATHEUBIERS, RMRMAENEE FINAMOR
Airbnb BIFRBARRL, TAEBAE, BWAEZURERNSE,

[00:49:49] Lenny
English:

Fascinating.



[00:49:49] Ronny Kohavi
English:

In fact, if you look at one investment, one big investment that was done at the time was online
experiences, and the initial data wasn't very promising. And | think today, it's a footnote.

FhaCERE:
B E, MRMREUNN—IEARKE — “TELAER” (online experiences) , RVIFVEIEH AT, FHEE

/%\95 b) EFI\IEE_ﬁ\;EEHEI]o

[00:50:01] Lenny
English:

Yeah. Another case study for the history books, Airbnb experiences. | want to shift a little bit and talk
about your book, which you mentioned a couple times. It's called Trustworthy Online Controlled
Experiments, and | think it's basically the book on A/B testing. Let me ask you, what surprised you most
about writing this book, and putting it out, and the reaction to it?

FROCERIR:

1, X—1MaUENEMRBNRGIFR —Airbnb 38, FHBFIR—TIER, WERNE, FRIARELIN
o PR (EEBREHAELMNEBIIY (Trustworthy Online Controlled Experiments) , FIARNEEZ L7
= A/B MRS AN ZE. BARIEMR, EXAH. HREUMANNRE, &ILRIFFHEHA?

[00:50:24] Ronny Kohavi
English:

| was pleasantly surprised that it sold more than what we thought, more than what Cambridge predicted.
So when first we were approached by Cambridge after a tutorial that we did to write a book, | was like, "I
don't know, this is too small of a niche area."

FROCERIR:

BRRIFENZE, ENHEBI TR, WBI T UHRKFEHRANTN. SPFENEBT—PEIE
&, QIR ERENE S, REER: “BANE, XWARFEXNRT "

[00:50:47] Ronny Kohavi
English:

And they were saying, "So you'll be able to sell a few thousand copies and help the world." And | found
my co-authors, which are great. And we wrote a book that we thought is not statistically oriented, has
fewer formulas than you normally see, and focuses on the practical aspects and on trust, which is the key.

FROCERIR:



il “XFRRAESEHLT A, HEBIXMUR” FETRENGEE, BIFT—FERTAANFTE
DgitFASENSE, AXEEEINELD, ERRESREEEM 51 L, MmEEEEXHE.

[00:51:10] Ronny Kohavi
English:

The book, as | said, was more successful. It sold over 20,000 copies in English. It was translated to
Chinese, Korean, Japanese, and Russian. And so it's great to see that we help the world become more
data-driven with experimentation, and I'm happy because of that. | was pleasantly surprised.

FRZERIE:

IEWNFRFAG, XABIFEEMIN. RXRELT 2 FZM, ERENFL T HX. #HX. BXNH. FEIRITE
I SRR PR M R TEEMHIERD), RBIFESH. RRIIRE,

[00:51:31] Ronny Kohavi
English:

By the way, all proceeds from the book are donated to charity. So if I'm pitching the book here, there is no
financial gain for me from having more copies sold. | think we made that decision, which was a good
decision. All proceeds go with the charity.

FRZERIE:

IRfER—T, XAEBNFRBEWRDEBRS T ZENHE, FIUNRREXEHHEIESS, SEH—FTRTIALER
BEFNE. BIANRIMET —MRIFBIRTE, PREWRmER)IZEEN,

[00:51:47] Lenny
English:

Amazing. | didn't know that. We'll link to the book in the show notes. Trust is in the title. You just
mentioned how important trust is to experimentation. A lot of people talk about, "How do | run
experiments faster?" You focus a lot on trust. Why is trust so important in running experiments?

FROCENIR:

KiET, HURARE. HMNFETENRERLBEE. BREME “BE . MUARIEENERESE
ZEE, REATRKE “MABRMIZITERR” , MIRFEREXEEE AtAGEESTERPNLEEE?

[00:52:03] Ronny Kohavi
English:

So to me, the experimentation platform is the safety net, and it's an oracle. So it serves really two
purposes. The safety net means that if you launch something bad, you should be able to abort quickly,
right? Safe deployments, safe velocity. There's some names for this. But this is one key value that the
platform can give you.

AR ERIE:



MEHKR, RETFEERE “ReEM , HE “HE . eARTEERR. REMBWEMRIRAT T IERN
PG, RROZBEBIRELLL, WIE? R2HE. R2RE, XEHFREHNRE,. XBFaERHI—MZD
B

[00:52:25] Ronny Kohavi
English:

The other one, which is the more standard one, is at the end of the two-week experiment, we will tell you
what happened to your key metric and to many of the other surrogate, and debugging, and guardrail

metrics. Trust builds up, it's easy to lose.
R EIE:

ST ARENE. ENERANERERE, RIZHFMIBIERLET HAZK, URIFSHMAERS
5 EEHETRAIF SIS IRRYIE . EEREMELL, EhikERE.

[00:52:43] Ronny Kohavi
English:

And so to me, it is very important that when you present this and say, "This is science, this is a controlled
experiment, this is the resolve," you better believe that this is trustworthy.

FRZERIE:

FRUNFKIG, SRRRERAR “XERF, XRRERXE, XBEL” i, MEFHECEESEHN.

[00:52:57] Ronny Kohavi
English:

And so | focus on that a lot. | think it allowed us to gain the organizational trust that this is really... And the
nice thing is when we built all this checks to make sure that the experiment is correct, if there were
something wrong with it, we would stop and say, "Hey, something is wrong with the experiment."

FROCENIR:

FRUARIFRE X EX—R. TIANNXIULENRT THRNET. FHI—R2E, SRIMEBIMEXERE RS
JOIERRRY, SIRSLWHE TR, HMNFEFETHRAW: 18, KLHRHET”

[00:53:17] Ronny Kohavi
English:

And | think that's something that some of the early implementations in other places did not do, and it was
a big mistake. I've mentioned this in my book so | can mention this here.

FRCERIR:

BINNEMM S BN — LA REEMIIX—R, XE—PMEANEIR, REPERIT, MUEXED
E.“‘X*ITEE_—FO



[00:53:28] Ronny Kohavi
English:

Optimizely in its early days were very statistically naive. They sort of said, "Hey, we're real time. We can
compute your P values in real time," and then you can stop an experiment when the P value is statistically
significant. That is a big mistake. That inflates your, what's called type one error or the false positive rate
materially. So if you think you've got a 5% type one error, or you aim for that P value less than 0.05, using
real time P value monitoring to optimize the offer, you would probably have a 30% error rate.

AR ERIE:

Optimizely TERHAM ERESiTE LIEE M, TR 92, HIIBLEH, FHNTATLIEAIHEIR P
B.” ARIRFLEILAE P ERIAIT EERELERR, XB— 1 EAXWNEIR. XSKIBEMFTIBN “FE—R_K5E
i®” (type oneerror) FRPHME., MNRIMIANMHE —LEIZEE 5%, HEMRPEIR= P E/F 0.05, B
{REFSLEY P EIMRMU AR, (RIVFEIRERGERIAT 30%,

[00:54:06] Ronny Kohavi
English:

So what this led is that people that started using Optimizely thought that the platform was telling them
they were very successful. But when they actually started to see, "Well it told us this is positive revenue,

but | don't see this over time. By now, we should have made double the money."
FR3CERiE:

XSFHOERE, FIafER Optimizely WALIAFESIFMIIIEERD, EItISMRNSIAR: “Fa
HIFHNTBAZREBS, EEENENESRILBINERK, BIMENLE, HNEZREIHGZAIET "

[00:54:23] Ronny Kohavi
English:

So their questions started to come up around the trust in the platform. There's a very famous post that
somebody wrote about how, "Optimizely almost got me fired," by a person who basically said, "Look, |

came to the org. | said, 'We have all these successes." But then | said, 'Something is wrong.
FZERiE:

TFRMIIARRRETENEEE. B—RIFEZZHMEFI (Optimizely ERILFHRAERE), (FEELSLER:
B, BARIXNMAR, FR OIS TRREXERDY , BERZLN HERET o7

[00:54:40] Ronny Kohavi
English:

And he tells of how he ran an A/A test when there is no difference between the A and the B. And
Optimizely told him that it was statistically significant too many times. Optimizely learned. Optimizely,
several people pointed, | pointed this out in my Amazon review of the book that the authors wrote early

on. | said, "Hey, you're not doing the statistics correctly."

FRCERIR:



iR T RNzt T A/A ML (BD AHA B ARBEXSI) B, M Optimizely 1XZREIFMLERERITES
B9, Optimizely FRER T #ill. F/ITABHETX—xR, ZETSH EXNFEFRSHNBEITEHELT
X—R. Fit: TR, RIS AR

[00:55:05] Ronny Kohavi
English:

Ramesh Johari at Stanford pointed this out, became a consultant to the company, and then they fixed it.
But to me, that's a very good example of how to lose trust. They lost a lot of trust in the market. They lost

all this trust because they built something that had very much inflated error rate.
R EIE:

HiBfE KRB Ramesh Johari 8 TX—=R, HAATZATRMR, ARMEIMNMEE TR, BXNFFKR, X
B TNARKEEENLESF. METHLAETRZEE, RmERAMIEET —THEIRRRSHR
4o

[00:55:26] Lenny
English:

That is pretty scary to think about you've been running all these experiments, and they weren't actually
telling you accurate results. What are signs that what you're doing may not be valid if you're starting to
run experiments? And then how do you avoid having that situation? What kind of tips can you share for
people trying to run experiments?

FRCERIR:

an

B —EHEDTXESLR, SRANAER, WSEARN. MRIMARIZITERN, SWETRERBIRFHGEIRT
EXR? B RXFMER? MREENRIREITRENADZEMERI?

7

C

an>

[00:55:47] Ronny Kohavi
English:

There's a whole chapter of that in my book, but I'll say one of the things that is the most common
occurrence by far, which is a sample ratio mismatch. Now, what is a sample ratio mismatch?

AR ERIE:

ENBEE—BEHXD, EEIFEALRELN—MER, M “EXREEHIARITE” (Sample Ratio
Mismatch, f&8#k SRM). f+A4RHEALLEIARITE?

[00:56:00] Ronny Kohavi
English:

If you design the experiment to send 50% of users to control and 50% of users to treatment, it's supposed
to be a random number, or a hash function. If you get something off from 50%, it's a red flag.

AR ERIE:



NRIRIRITRIRILZ R 50% AR D ECEIXNERA, 50% HERIKIAH, XA ZE— eV EEIE % RS
Ko MIRMMSINERRE T 50%, BRE—NERES,

[00:56:15] Ronny Kohavi
English:

So let's take a real example. Let's say you're running an experiment, and it's large, it's got a million users,
and you've got 50.2. So people say, "Well, | don't know. It's not going to be exactly the same as 50.2.
Reasonable or not?" Well, there's a formula that you can plug in. | have a spreadsheet available for those
that are interested, and you can tell, here's how many users are in control. Here's how many users have in
treatment. My design was 50/50, and it tells you the probability that this could have happened by chance.

FRCERIR:

EPELKHGF. RIRIMMERBT—TARLR, B—8HAF, RIEILLEIRE 50.2%. Aflzik: 13,
HAHE, ERAERESRE 50%, 50.2% 51E3? " HLA—PMAXAUER. RABENARET -8
F&RE, RN WRAEGZ VAR, REAFZ VAR, FEVKITE 50/500 EREIRIMXMERBAL
ERIER,

[00:56:45] Ronny Kohavi
English:

Now in a case like this, you plug in the numbers, it might tell you that this should happen one in half a
million experiments. Well, unless you've run half a million experiment, very unlikely that you would get a
50.2 versus 49.8 split. And therefore, something is wrong with the experiment.

FRCERIR:

AEXMERT, FAART, ERARISFMXMERE 50 FRKREFASEE—R. B4, FREZET
7 50 BREREE, BNRRAEIEESE] 50.2% Xt 49.8% K EC, Eb, SERBEEHEIT .

[00:57:06] Ronny Kohavi
English:

| remember when we implemented this check, we were surprised to see how many experiments suffered
from this. Right? And there's a paper that was published, 2018, where we share that at Microsoft, even
though we'd be running experiments for a while, is around 8% of experiments that suffered from the
sample ratio mismatch.

FROCENIR:

HICFERNERXTHOER, FRIVFFMELARAEXASLEFEX N, 2018 FLARN—RIEXE
™, EHER, RERNELEBITERBEREET, MBAAKL 8% HISKIFERALLHIF AR,

[00:57:29] Ronny Kohavi
English:

And it's a big number. | think about this. You're running 20,000 experiments a year. So many of them, 8%
of them are invalid. And somebody has to go down and understand, what happened here? We know that



we can't trust the results, but why?
FRERIE:

XE—MREANEF., B8E, MMBFIEIT2H1ERE, Hb 8% BLEMM. BABAEZRNTHRERRET
ft4. HMTMEREEEXELR, BAFA?

[00:57:44] Ronny Kohavi
English:

So over time, you begin to understand there's something wrong with the data pipeline. There's
something that happens with bots. Bots are a very common factor for causing sample ratio mismatch. So
that paper that was published by my team talks about how to diagnose sample ratio mismatches.

AR ERIE:

BEERT RIS, (RAFIRPREFIRERIIEM/KAL T, HERHEA (bots) HIFM, MBAZBSEHFS
EEGIAE R — N EE B LHER. HEAARIABRIESOTIE T N2 ki A b I R ITEC,

[00:58:06] Ronny Kohavi
English:

In the last probably year and a half, it was amazing to see all these third party companies implement
sample ratio mismatches, and all of them were reporting, "Oh my god, 6%, 8%, 10%." So it's sometimes
fun to go back and say, how many of your results in the past were invalid before you had this sample ratio
mismatched test?

AR ERIE:

AR ENN—FFE, BEMEXEE=FARMFELmEFALLFRLERE, ERLARK, MEMIIER
TEIRE: “KMB, 6%. 8%. 10%.” FRLAERESLEBEERER: EIRIMBEXTUNIR A, SEEZVE
RETHHT?

[00:58:32] Lenny
English:

Yeah, that's frightening. Is the most common reason this happens is you're assigning users in the wrong
place in your code?

FROCENIR:
EHY, XRIFA. REXMERREIHNRERZERERDERFIIERXG?

[00:58:40] Ronny Kohavi
English:

So when you say most common, | think the most common is bots. Somehow, they hit the controller, the
treatment in different proportions. Because you change the website, the bot may fail to parse the page,
and try to hit it more often. And that's a classical example. Another one is just the data pipeline.

FRCERIR:



LR RERNRRAR, HIAARELHNENRA. FRAEK, SIIURERILLGGR 3 EASRSEIEA, BN
RERT ML, s ARTRETT AMEATIE, MMBIRXEMEMIGE, XR—PMNEHENGF. B—NMREREIE
IR

[00:58:58] Ronny Kohavi
English:

We've had cases where we were trying to remove bad traffic under certain conditions, and it was skewed
because of the control and treatment. I've seen people that start an experiment in the middle of the site

on some page, but they don't realize that some campaign is pushing people from the side.
FRERIE:

FATBRIXFRER: BMAEEREFHTEREERE, ERTHRANKEANER, ERTETR
o HRIEAEREPRERNENTTEAKRER, EMITREIREIENEREDEMNMERASIRI R,

[00:59:13] Ronny Kohavi

English:

So there's multiple reasons. It is surprising how often this happens. And I'll tell you a funny story, which is
when we first added this test to the platform, we just put a banner say, "You have a sample ratio

mismatch. Do not trust these results." And we noticed that people ignored it. They were starting to

present results that had this banner.
FR3zEiE:

FAINRABRZ. IMBERREMNMRZEL NIRRT, RAMATEEIRE. SRNEXEFEPMAX
BUREY, FMNRBRT — 1408, & “REEFRLHIFLE, B7EEXELER” SERBATLIALN]
RABBTE, tIFBRTHEX MAERER,

[00:59:37] Ronny Kohavi
English:

And so we blanked out the scorecard. We put a big red, "Can't see this result. You have a sample ratio
mismatch. Click to expose the results." And why we do we need that okay? We need that okay button
because you want to be able to debug the reasons, and sometimes the metrics help you understand why
you have a sample ratio mismatch.

FRCERIR:

FRRMNBZTH D ®o BITRT —TMEARNIBRET: “TEEBRER, MEEFALLHIALE, <&M
BTRER” AT ARNFERNMINGH? BAMFEEERBRRRR, SrHETESMERNTASHIES
EEBIAR LA,

[01:00:00] Ronny Kohavi
English:

So we blanked out the scorecard, we had this button, and then we started to see that people pressed the
button and still presented the results of experiments with sample ratio mismatch. And so we ended up



with an amazing compromise, which is every number in the scorecard was highlighted with a red line, so

that if you took a screenshot, other people could tell you how to sample ratio mismatch.
FRERIE:

BITBEZETHRDF, MTEE, ERBANEZDANETRAE, KRATRTHEFSLLHRLERNLEER.,
FRUENREER T —MRARZ D 2 RPN EFHALLRL, XHFMNRMREE, 5 A—R76E
B IREFERFALLF A ILE,

[01:00:24] Lenny
English:

Freaking product managers.
HRCERIE:

X IR E R,

[01:00:26] Ronny Kohavi
English:

This is intuition. People just say, "Well, my [inaudible 01:00:30] was small, therefore | can still present the
results." People want to see success. | mean, this is a natural bias, and then we have to be very
conscientious and fight that bias and say when something looks too good to be true, investigate.

FRCERIR:

EXPEERE. AMIZE: B, ZPRER), AUERERAIUBRTER.” AMIBERMI. XB—MRER
WL, FNBIEEEB TR TR, Hii: SREFEEREF/IELN, XFEE.

[01:00:45] Lenny
English:

Which is a great segue to something you mentioned briefly, something called Twyman's law. Yeah. Can
you talk about that?

RS ERIE:

XIESF5IH T IREFEREE R “RrIF AN (Twyman's law) . fREEHKHIG?

[01:00:51] Ronny Kohavi
English:

Yeah. So Twyman's law, the general statement is if any figure that looks interesting or different is usually
wrong. It was first said by this person in the UK who worked in radio media, but I'm a big fan of it. And my
main claim to people is if the result looks too good to be true, your normal movement of an experiment is
under 1% and you suddenly have a 10% movement, hold the celebratory dinner. It was just your first
reaction, right? Let's take everybody to a fancy dinner, because we just improved revenue by millions of
dollars. Hold that dinner, investigate, see, because there's a large probability that something is wrong



with the result. And | will say that nine out of 10, when we call it Twyman's law, it is the case that we find
some flaw in the experiment.

AR ERIE:

. FREZNN—MRRAR: EFHEEREBHASRFRANMIEEEHMEHEIZN. ERVZHRE—UM
ELABEETENARLE, ERIFEHERE. BHAMINEEEKE: IREREBERFEFEL —IL
SNARTFEYRYSRID IR BHERTE 1% LA, RAHIMT —1 10% BKE— R DEFRXRNBRE. BEMOE—K
Rz, XIB? “HARREZHAE, EARNNBBRNES THELET.” Killz, BT, %KL, BARK
BMRBEREE T, HIW, TRPER, SRN5IBFITSANEY, #RaERIMSLIFEIREMIRE.

[01:01:45] Ronny Kohavi
English:

Now there are obviously outliers. That first experiment that | shared where we promoted that made long
titles, that was successful. But that was replicated multiple times, and double and triple checked, and
everything was good about it. Many other results that were so big turn out to be false. So I'm a big fan of
Twyman's law. There's a deck, | could also give this in the note, where | shared some real examples of
Twyman's law.

AR ERIE:

HAWEGIS. HAENFE—PER—RAMTEKENBT — IR, ERPEBLEIZREERE. N
EEE-ERNERMINEREN. FEEHMERNERRKLEBIIAEZHIRN. FATIFEHERIFREEN,
BE—MLITR, GAMBETENEE, EADET —EHREENESEEA,

[01:02:14] Lenny
English:

Amazing. | want to talk about rolling this out of companies and things that you run into that fail. But
before | get to that, I'd love for you to explain P value. | know that people kind of misunderstand it, and
this might be a good time to just help people understand, what is it actually telling you, P value of say
0.05?

AR ERIE:

AET . ZRRRELQRM XEFEURMBEINKWES, EERZA, HBEFRERE—TPE (P
value)o RABAMNNEELIRE, NEDLITFEHEPAKERAVFEM: LLa P ER 0.05 BIRSIF TN
A?

[01:02:30] Ronny Kohavi
English:

| don't know if this is the right forum for explaining P values, because the definition of a P value is simple.
What it hides is very complicated. So I'll say one thing, which is many people assign one minus P value as
the probability that your treatment is better than control. So you ran an experiment, you got a P value of
0.02. They think there's a 98% probability that the treatment is better than the control. That is wrong. So
rather than defining P values, | want to caution everybody that the most common interpretation is
incorrect.

FROCENIR:



BRTNEXEZTEME P ENGETS, AN PENEXRER, BEERERNABEEER, RIH—
R FEAR “LRZEPE" MAKRARTFHRANHR, tbifrRziT7—1%E, PER 0.02, fiilztiA
796 98% RIBERSEWAM T XIRE, BEHIR. FIULSHENX PE, HEBREAK: &REILNBEEARE
Yo

[01:03:08] Ronny Kohavi
English:

P value assumes, it's a conditional probability or an assumed probability. It assumes that the null
hypothesis is true. And we're computing the probability that the data we're seeing matches the
hypothesis, this null hypothesis.

FRCERIR:

PERIR—ER— M HFHEMEFHRIME, ERIR “RRIL™ (null hypothesis) NE, HNNIHTEHNZ: (]
BENHIES X MR LA,

[01:03:27] Ronny Kohavi
English:

In order to get the probability that most people want, we need to apply Bayes' rules and invert the
probability from the probability of the data given the hypothesis, to the probability of the hypothesis
given the data. For that, we need an additional number, which is the probability, the prior probability that
the hypothesis that you're testing is successful or not.

FRCERIR:

ATRIAXSHABRENR MR, RNFELANHEEN, ¥ “G@ERIEGTHIZBENEER" RER
“BEBIETZBRIEGHILABRER" . Ak, BINFE—IEINIEF, BMWRERNEINRIZMINN “Sioft”
(prior probability)

[01:03:49] Ronny Kohavi
English:

That's an unknown. What we do is we can take historical data and say, "Look, people fail two thirds of the
time or 80% of the time." And we can apply that number and compute that. We've done that in a paper
that | will give in the notes, so that you can assess the number that you really want, what's called a false
positive risk.

FROCENIR:

XE— MR HITBEMNESEREEHIE, tba: “F, Af12/3 3 80% HIETEEBREM.” FfiTa] AR
AXNMFRITE. BINETENBEN—RIEXPHIXMNTE, XEMRM IO ERE ERZAIAR 35
¥, BIEMIBRY “IREAMEXFS” (false positive risk)o

[01:04:10] Ronny Kohavi

English:



So | think that's something for people to internalize, that what you really want to look at is this false
positive risk, which tends to be much, much higher than the 5% that people think, right? So | think the
classical example in the Airbnb where the failure rate was very, very high, is that when you get a
statistically significant result, let me actually pull the note so that | know the actual number. If you're at
Airbnb, or Airbnb search where the success rate is only 8%, if you get a statistically significant result with a
P value less than 0.05, there is a 26% chance that this is a false positive result. It's not 5%, it's 26%.

FROCERIR:

FRUEIARANFTEAUX —=<: (REENZXENZRAERR, EFELAMNANN 5% ZEE5EZ. U
Airbnb J9f, BEMRKERIEES. 7 Airbnb IBZRHRN, BIIERRE 8%, MRIRFE—1 P E/NF 0.058
SUBELER —IUBRE-TELCEERNFT — LR LE 26% NEREXE—MRIAMELER. 7T=Z 5%, e
26%.

[01:04:54] Ronny Kohavi
English:

So that's the number that you should have in your mind. And that's why when | worked at Airbnb, one of
the things we did is we said, "Okay, if you're less than 0.05, but above 0.01, rerun, replicate." When you
replicate, you can combine the two experiments, and get a combined P value using something called
Fisher's method or Stouffer's method, and that gives you the joint probability. And that's usually much,
much lower. So if you get two 0.5's or something like that, then the probability that you've got them is
much, much lower.

FRCERIR:

FrLAX 7 @ IRNIZIRERF BT, XMEAMTATKTE Airbnb TR, FATREMW—FMECER:  “0FIE, W0
R PE/NF0.058KF 0.01, BAAEHIEIT, EELR,” HIRES KRN, RAIUEHE RN, HEHRE
&/RA% (Fisher's method) BiHrFEFE A E (Stouffer's method) FRIEEHEM P E, XSARBEEHEER,
XBEEEREZ, MBIREBEFE 0.05 £ANER, BAENIRNLZENBERSHES,

[01:05:26] Lenny
English:

Wow, I've never heard it described that way. It makes me think about how even data scientists in our
teams are always just like, "This isn't perfect. We're not 100% sure this experiment is positive." But on
balance, if we're launching positive experiments, we're probably doing good things. It's okay if

sometimes we're wrong.
FREiE:

I, BMFRITE XA, XiLHFAE, BMERRNBAMNBERNZFREERIR: “XHATE, KF6E
100% MEX M RILZIERAT, " BERKN, MRFHNLKBHZERRKLE, H(TFTEMZBEMERNE. @R
HEEHRR R,

[01:05:42] Ronny Kohavi
English:

By the way, it's true. On balance, you're probably better than 50/50, but people don't appreciate how
much that 26% that | mentioned is high. And the reason that | want to be sure is that | think it leads to this



idea of the learning, the institutional knowledge. What you want to be able to say is share with the org's
success. And so you want to be really sure that you're successful. So by lowering the P value, by forcing
teams to work with the P value maybe below 0.01 and do replication on higher, then you can be much
more successful, and the false positive rate will be much, much lower.

FRCERIR:

IR —T, WHScitt. SRIKG, RATAELL 50/50 BUMERELY, BANTRERIRFIFKIREIN 26% BEE. K
ZFRUAEER/E, RENBIAAXXABZINNARIR, MELEBRARDZMINEGE, FRURBIIES
REMREMINE, Eit, B P EER (EbilsRBFAERRT 0.01 89 P &), HEWRSH P EHITE
B0, RAIUZEEMD, RIAERHRREZS,

[01:06:20] Lenny
English:

Fascinating. And also shows the value of keeping track of what percentage your experiments are failing
historically at the company or within that specific product. Say someone listening wants to start running
experiments, say they have tens of thousands of users at this point. What would be the first couple steps

you'd recommend?
FRERIE:

RERR. XURTTEERABSFES”mAE LLERMLFIRNE. RigFRFEABHFIRIEITER, B
BB RAERAF. MEEERTGBH/ITNTREAA?

[01:06:38] Ronny Kohavi
English:

Well, so if they have somebody in the org that has previously been involved with a experiment, that's a
good way to consult internally. | think the key decision is whether you want to build or buy. There's a
whole series of eight sessions that | posted on LinkedIn where | invited guest speakers to talk about this
problem. So if people are interested, they can look at what the vendors say and what agency said about
build versus buy question. And it's usually not a zero one, it's usually both. You build some and you buy
some, and it's a question of do you build 10% or do you build in 90%?

AR ERIE:

MRALEEAUMSEILE, BEAMBEZWEIENE. FHOAAXBRER "BEERWE" . &K#E
Linkedin E.% T H/\MHNHARNRTIIAE, BFT7TBERINEXNNH, MRARBHE, AJUEEHNT
BHIAENEY ‘B vs WX RENEE. XEEFZIERNAN, BEEMELES. MER—D, WX
—#b5, EEETIREBE 10% X 2B 90%?

[01:07:17] Ronny Kohavi
English:

| think for people starting, the third party products that are available today are pretty good. This wasn't
the case when | started working. So when | started running experiments at Amazon, we were building the
platform because nothing existed. Same at Microsoft. | think today, there's enough vendors that provide
good experimentation platforms that are trustworthy, that | would say not a good way to consider using
one of those.



FRZERIE:

FIANRTFREZBIAFRR, MENE=ZAFmELBIFET . RNFBIIERNATRERXE, RELISBFF
BIE1TRINEY, BB ABETE, AAHRTAEKE. AHREENL. ZIANSRELE BN
REESEMNMABTERTE, HIREEERAEFZ BN HEINER.

[01:07:44] Lenny
English:

Say you're at a company where there's resistance to experimentation and A/B testing, whether it's a
startup or a bigger company. What have you found works in helping shift that culture, and how long does

that usually take, especially at a larger company?
R EIE:

BIRIRTE— R SR A/B MR BIEMIEANAT, TRENUARNERAAR. MEIMPL AEEREL
A KBRRES K, HHREALR?

[01:07:57] Ronny Kohavi
English:

My general experience is with Microsoft, where we went with this beach head of Bing. We were running a
few experiments and then we were asked to focus on Bing, and we scaled experimentation and built a
platform at scale at Bing.

AR ERIE:

BRNEBELWRBEMIR, HEIFATLL Bing I “HSKMEM” o FHEBITTILNEE, ARKERTET
Bing, FA17E Bing ARXNURHE T LIHME T KMEF 5.

[01:08:13] Ronny Kohavi
English:

Once Bing was successful and we were able to share all these surprising results, | think that many, many
more people in the company were amenable. It was also the case that helped a lot that, there's a usual
cross pollination. People from Bing move out to other groups, and that helped these other groups say,

"Hey, there's a better way to build software."
FREiE:

—B Bing BRI TR, HEARNEBDZFREXLESANFFNER, BINARTEMBTHUFHEZIABRES
To LS, AABIEERI TR (cross pollination) Hi2EITRAIEM. Bing WAET HM/NA, XEBHE A
INMARGIRE: TR, B—MEFIEERGNSE.”

[01:08:34] Ronny Kohavi
English:

So I think if you're starting out, find a place, find a team where experimentation is easy to run. And by
that, | mean they're launching often, right? Don't go with the team that launches every six months, or
Office used to launch every three years. Go with the team that launches frequently. They're running on



sprints, they launch every week or two. Sometimes they launch daily. | mean, Bing used to launch

multiple times a day.
R EIE:

FRUVINRIRREES , H— 1M EHEBITREASHE. HHERE, HBLELHMENEN. FEERE
TRERHRBE, HNEGRUME=ZF%H—RH Office A, HWALIME LMV, BI1%HR
(sprint) 517, BANSMALT X, BRNEESXAMH. Bing UFIEXAHF/LR.

[01:08:59] Ronny Kohavi
English:

And then make sure that you understand the question of the OEC. Is it clear what they're optimizing for?
There are some groups where you can come up with a good OEC. Some groups are harder.

FRSCERIE:
SAEHIRIRIEAR OEC MURIER, fhfi 1Lk BAREEHEND? AL/ \AIRA] LR HREFAY OEC, AL/ NAMILLIH,

[01:09:11] Ronny Kohavi
English:

I remember one funny example was the microsoft.com website, which this is not MSN, this is
microsoft.com, has multiple different constituencies that are trying to determine this is a support site,
and this is the ability to sell software through this site, and warn you about safety and updates. It has so
many goals. | remember when the team said, "We want to run experiments," and | brought the group in

and some of the managers and | said, "Do you know what you're optimizing for?"
FREiE:

Ric/F— M EBAIGIFZ microsoft.com Wik (RE MSN, BHEEM). EFZ M FRENFEEXT, B
INARXZFMLGE, BRPANXZZMRENNL, BRANXZREREMERNIMLE, EBEXZER. HKid
FEHEPAR “BATRZITRE” B, RILNAN—LLZBZEERR: “MRMIAEE S ERMATAE? 7

[01:09:47] Ronny Kohavi
English:

It was very funny because they surprised me. They said, "Hey Ronny, we read some of your papers. We
know there's this term called OEC. We decided the time on site is our OEC." And | said, "Wait a minute.
Some of your main goals is support site. Is people spending more time on the support site a good thing or
a bad thing?" And then half the room thought that more time is better, and half the room thought that
more time is worse. So an OEC is bad if directionally, you can't agree on it.

FRCERIR:

FEEE, ABAMITLIEAREZ—IR fi13%: “I% Ronny, FHATEIIRA—LEIL, FKTHE OEC XM, K
ITRER TNEEERE FAEINBOEC,” Hit: “F—T. MINEEBIrZ—=RMZRF MIEZH
NHEFEEKNBIREFFEZNE? 7 EREBE—FHAINNIERAKHEL, 5—F AN ERAHIE,
FREL, MIRARKES M ETEAM—E, HBAX OEC FLEHEHER.



[01:10:18] Lenny
English:

That's a great tip. Along these same lines, | know you're a big fan of platforms and building a platform to
run experiments, versus just one-off experiments. Can you just talk briefly about that to give people a
sense of where they probably should be going with their experimentation approach?

FROCERIR:

EXE—MREVEN, BEXTRE, RNEMRETFENEESRFE, TKMWEFEREBITRE, MAERM
—RMESEL, REEBZRIKIXID, ILART M INSER G AN ZIAT AT AL RE?

[01:10:32] Ronny Kohavi
English:

Yeah, so | think the motivation is to bring the marginal cost of experiments down to zero. So the more you
self-service, go to a website, set up your experiment, define your targets, define the metrics that you
want, right? People don't appreciate that the number of metrics starts to grow really fast if you're doing
things right. At Bing, you could define 10,000 metrics that you wanted to be in your scorecard. Big
numbers.

AR ERIE:

B, BIANTIANTETHLRERAMRMARES, FRURNIZESMRABERS . ZMGIRERE. EXE
e EXIRIBERIER. MRFTALER, ETHRERIEKSIERR. £ Bing, RAIETZFHFEX 1D
fEtR. MRIEE K.

[01:11:02] Ronny Kohavi
English:

So it was so big, and people said it's computationally inefficient. We broke them into templates so that if
you were launching a Ul experiment, you would get this set of 2,000. If you were doing a revenue
experiment, you would get this set of 2,000.

AR ERIE:

EAMERKR, AMIRHERERXR. FERIAMBENDBER: NRIRAHIE Ul L3, FR1FEIX 2000
MET; SRIFMEBIBUNSEDRE, RETSEISSH 2000 1

[01:11:15] Ronny Kohavi
English:

So the point was build a platform that can quickly allow you to set up and run an experiment, and then
analyze it. | think one of the things that | will say at Airbnb is the analysis was relatively weak, and so lots
of data scientists were hired to be able to compensate for the fact that the platform didn't do enough.

AR ERIE:

FILNERZWE—TREILRIREIRE. BITHIMERNTE. FRRZE, 7 Airbnb, DFTHEEMRRTIRGS,
PRI T REFHERIF R KR4 T S THEER R Eo



[01:11:36] Ronny Kohavi
English:

And this happens in other organizations too, where there's this trade-off. If you're building a good
platform, invest in it so that more and more automation will allow people to look at the analysis, without
the need to involve a data scientist.

FROCERIR:

XEHMARPHSLE, XB—MNE. MRMEHE—NFHTE, MRAHES, LEREZHBEEI
REAFANEBDINER, MEFTHEHNZRNSS,

[01:11:53] Ronny Kohavi
English:

We published a paper. Again, I'll give it in the notes with this nice matrix of six axes, and how you move
from crawl, to walk, to run, to fly, and what you need to build on those six axes. So one of the things that |
do sometimes when | consult is | go into the org and say, "Where do you think you are on these six axes?"
And that should be the guidance for what are the things you need to do next.

AR ERIE:

HMNERFI—RILN, HUSBRETENERE. BEEE—TMEENTHERNER, EATRMAMN “Te1T” 2
“9TET , BE H|IET M YT, UREREHEE HRFEENERA 4. FIUEREESENEEM—4ER
R “YRANECEXNTHE LR TFHAME? " XNIZMAIRT—Z 1750918,

[01:12:21] Lenny
English:

This is going to be the most epic show notes episode we've had yet. Maybe a last question. We talked
about how important trust is to running experiments, and how even though people talk about speed,

trust ends up being most important. Still, | want to ask you about speed. Is there anything you
recommend for helping people run experiments faster and get results more quickly that they can
implement?

FR3zEiE:

XENZETENARFEN—H. KE—TRHE. FNXETEENETERESEE, UKREAER
BEE, BEEREATEREEN. AF, RERRERXTRENRE. RETARNEEANERIZ
TSR H EIRMIRIT AT LRI EERIT?

[01:12:40] Ronny Kohavi
English:

Yeah, so I'll say a couple of things. One is if your platform is good, then when the experiment finishes, you
should have a scorecard soon after. Maybe takes a day, but it shouldn't be that you have to wait a week

for the data scientist. To me, this is the number one way to speed up things.

FRCERIR:



B, HEWHR. —BURMBTERBY, BAYKELRE, (RMZRRMESETDF. BFFE—
R, BERMZIHREFSENFER—ITE28, WK, XRIMENE—ES.

[01:13:00] Ronny Kohavi
English:

Now, in terms of using the data efficiently, there are mechanisms out there under the title of variance
reduction that help you reduce the variance of metrics so that you need less users, so that you can get
results faster. Some examples that you might think about are capping metrics. So if your revenue metric
is very skewed, maybe you say, "Well, if somebody purchased over $1,000, let's make that $1,000." At
Airbnb, one of the key metrics for example, is nights booked.

FRCERIR:

HR, EeRERBIELRE, B—EWN “AE4%R” (variance reduction) BIHE, & LAREBIIRIEL VISR
MEE, NMEEELHAR, ERMRFBER. MAUEEN—LFFEEF BRI (capping
metrics) o SIRMRAMNIEITIERE RS, BIFIRATLR: “NREBAMEEF 1000 &5, FiI#IZ 1000 ET
THE.” BIENTE Airbnb, —MREBHERZEFNITEIRE.

[01:13:30] Ronny Kohavi
English:

Well, it turns out that some people book tens of nights. They're like an agency or something, hundreds of
nights. You may say, "Okay, let's just cap this. It's unlikely that people book more than 30 days in a given
month." So that various reduction technique will allow you to get statistically significant results faster.

FRCERIR:

SRR, BEASTUTLTE, ITTRERNTZEN, BEETIT/LEK. ML “FE, 34X
MERET. AMNE—TARMITES 30 REFAKATREN.” XA ERBRARATFRERMRESHITES
A4 R,

[01:13:53] Ronny Kohavi
English:

And a third technique is called cupid, which is an article that we published. Again, | can give it in the
notes, which uses the pre-experiment data to adjust the result. And we can show that you get the result
as unbiased, but with lower variance, and hence, it requires fewer users.

FROCENIR:

SE=FEAM CUPED, XRHMNARIN—RXE, ZUALIEERETENER, EFARERREHIER
HRBER, FATLUER, REFANERELRY, ESEER, FELFENARED,

[01:14:11] Lenny
English:
Ronny, is there anything else you want to share before we get to our very exciting lightning round?

AR ERIE:



Ronny, EENGERHIABRIZRZR], RERTARDZEHG?

[01:14:15] Ronny Kohavi

English:

No, | think we've asked a lot of good questions. Hope people enjoy this.
R EE:

BET, RUNARIMMTLTRZFRE, FEARER.

[01:14:20] Lenny
English:

| know they will.
HRCERIE:
FAEMI=.

[01:14:21] Ronny Kohavi
English:

Lightning round.

R EiE:

IR IR,

[01:14:22] Lenny
English:

Lightning round. Here we go. I'm just going to roll right into it. What are two or three books that you've
recommended most to other people?

FRSCERIF:
R, Fi1HFB. REBUIAESR, A3 ABERSHNR=ZABEHA?

[01:14:29] Ronny Kohavi
English:

There's a fun book called Calling Bullshit, which despite the name, which is a little extreme, | think, for a
title, it actually has a lot of amazing insights that | love. And it sort of embodies, in my opinion, a lot of the
Twyman's law showing that things that are too extreme, your bullshit meter should go up and say, "Hey, |
don't believe that." So that's my number one recommendation.

FROCENIR:

B—EBRHN (HFEFEAR/\E) (Calling Bullshit), REBZIFERE =kin, BEHLEREXENN
IZALER, EHEFR, ERNTREFIFEZNAIEHE, RASFBERRIFE, REY SR/ GERNE" mix



mY, FHik: IR, BABEEBD.” XBHBEEER,

[01:14:57] Ronny Kohavi
English:

There's a slightly older book that I love called Hard Facts, Dangerous Half-Truths And Total Nonsense by
the Stanford professors from the Graduate School of Business. Very interesting to see many of the things
that we grew up with as well understood turn out to have no justification.

AR ERIE:

TE—XFZERNHEBE—=09H, WY (FX. FEFBENRSSHSEIE)Y (Hard Facts, Dangerous Half-
Truths And Total Nonsense) , HHMBERFRMBIZES ., EEFZHNMNNFHIANERYANSEBEEHLZ
TIRIE, XIEFEHFE,

[01:15:21] Ronny Kohavi
English:

So a stranger book, which | love, sort of on the verge of psychology, it's called Mistakes Were Made (But
Not by Me), about all the fallacies that we fall into, and the humbling results from that.

FROCERIR:

RE—ABEHFFNH, BRERERX, ERRAGEE, I (BFRERK) (Mistakes Were Made (But Not by
Me)), HINEBRIBZBNNFREZIR, URHILEFERIEABENER,

[01:15:37] Lenny
English:

The titles of these are hilarious, and there's a common theme across all these books. Next question, what
is a favorite recent movie or TV show?

FRCERIR:
XEBRMREE, MAHE-—THENEF, T—NEE, RERERNEZHEATERMA?

[01:15:47] Ronny Kohavi
English:

So | recently saw a short series called Chernobyl, the disaster. | thought it was amazingly well done.
Highly recommended it, based on true events. As usual, there's some freedom for the artistic movie. It
was kind of interesting at the end, they say, "This woman in the movie wasn't really a woman. It was a
bunch of 30 data scientists." Not data scientists, 30 scientists that in real life, presented all the data to the
leadership of what to do.

FRCERIR:

HERIEE T —8ERIN (FI/RIENF]Y (Chernobyl). HEFHFIEEY, BIVET, ERRIBELEMNE
B, BEE—1F, BEZAZE—LEEMRD. ZEREE, Mili: “BRERNBRIEAERLRHLR



B—TA, ME30B/HFER” FRUIERFX, B30 BHEFER, MIERXPRAAFEREX TR T HEAM
HPRA 23R,

[01:16:22] Lenny
English:

| remember that. Fun fact, | was born in Odessa, Ukraine, which was not so far from Chernobyl. And |
remember my dad told me he had to go to work. They called him into work that day to clean some stuff
off the trees. | think ash from the explosion or something. It was far away where | don't think we were
exposed, but we were in the vicinity. That's pretty scary. My wife, every time something's wrong with me,
she's like, "That must be a Chernobyl thing." Okay, next question. Favorite interview question you like to
ask people when you're interviewing them?

FRCERIR:

KRBT, BBHNZE, RUEESR=NHERE, BYRELNTEZ, REFRESIFRMEBRBAE L
UE, )t EEEN LKA, BRRBRIFFENRKRZEN, BEABRRE, HFUNRNZETIE
5, BRANHEEMNL BIFAN. REFESRERMERTR, B “B—ERY/RIENHEEE,”
g, T, EiRGIARRREWENERETA?

[01:16:56] Ronny Kohavi
English:

So it depends on the interview, but when | do a technical interview, which | do less of, but one question
that | love that it's amazing how many people it throws away for languages like C++, is tell me what the
static qualifier does. And for multiple, you can do it for a variable, you can do it for function. And it is just
amazing that | would say more than 50% of people that interview for engineering job cannot get this, and

get it awfully wrong.
FREiE:

XEURFEIAEER, SHMRAERN (BAREMSLT), HEREH—PXTF C+ FESHEE, FFHNE
EMNEAFERERZ A SIFFK static REMHFARMTA? EHUATERE, BAUATRR. AR
B, FARWET 50% EIX TIERMINAEER LK, HEHBFIEL,

[01:17:31] Lenny

English:

Definitely the most technical answer to this question yet.
R EE:

XERE BRI LERRARMEREIZ,

[01:17:34] Ronny Kohavi
English:
Very technical, yeah.

RSz ERIE:



FEERARL, 28

[01:17:34] Ronny Kohavi
English:

I love it.

FRCERIE:

HERo

[01:17:36] Lenny

English:

What's a favorite recent product you've discovered that you love?
FREiE:

MEERMAEEN=mETA?

[01:17:39] Ronny Kohavi
English:

Blink cameras. So a Blink camera is this small camera. You stick in two AA batteries, and it lasts for about
six months. They claim up to two years. My experience is usually about six months. But it was just
amazing to me how you can throw these things around in the yard and see things that you would never
know otherwise. Some animals that go by. We had a skunk that we couldn't figure out how he was

entering, so | threw five cameras out and | saw where he came in.
FREiE:

Blink %53k Blink B AB—MIRNIEREK, KRN ASEMMERAALATA. WIERERRE, B
BHNEZWBER/NTA. EHIRFNE, FAUEXERARLRERFE, BRRTFRREFTSNENS
5o LLANERERIEIY. HMNBE—RREH, BRIIBREREREAHEKN, TERKTETREGEK, REEE!
T EHKAIMTT,

[01:18:18] Lenny
English:

Where'd he come in?
FRCERIE:

E MBR) L KAY?

[01:18:19] Ronny Kohavi
English:

He came in under a hole on the fence that was about this high. | have a video of this thing just squishing
underneath. We never would've assumed that it came from there, from the neighbor. But yeah, these



things have just changed. And when you're away on a trip, it's always nice to be able to say, "I can see my
house. Everything's okay." At one point, we had a false alarm, and the cops came in and had this amazing
video of how they're entering the house and pulling the guns out.

FhSCERIE:

EMNBETE— TN ABXAZREERN. BE—RIM, REIEMBEFTEE, RIIMFEBRIESM
PEBLEB MG ER. B, 20, XERBRETEE, HIRIMNUIKRTTE, BEE “REFIIRNE
F, —IERGF” BRRE. BREMNBETIRR, EFRHART, HIBETHIIFENE FHIRDCHRAMR
o

[01:18:56] Lenny
English:

You got to share that on TikTok. That's good content. Wow. Okay. Blink cameras. We'll set those up in my
house asap.

FRCERIR:
RISIEAR TN AE TikTok £, BRRFHEM. B, §F, Blink Bk, REUBERREREEL,

[01:19:04] Ronny Kohavi
English:
Yes.

FROCENIR:

[01:19:06] Lenny
English:

What is something relatively minor you've changed in the way your teams develop product, that has had
a big impact on their ability to execute?

AR ERIE:
EHNFLE=RIAR L, (REGT IR/ IMEFTITRE I E B AR IRMIRES?

[01:19:14] Ronny Kohavi

English:

| think this is something that | learned at Amazon, which is a structured narrative. So Amazon has some
variance of this, which sometimes go by the name of a six pager or something. But when | was at Amazon,

| still remember that email from Jeff, which is, "No more PowerPoint. I'm going to force you to write a

narrative."

RSz ERIE:



REXSRAETIHFFINERA, Bl “SHEHR” (structured narrative) ., L5 E NMHAENFR, B
WIRR “NTURIRE” (six pager) ZHM, HETDHEY, FicEAEK (EH) KOFEEE: “FEER
PowerPoint, FHERBIRIEROR M HY,”

[01:19:34] Ronny Kohavi
English:

| took that to heart. And many of the features that the team presented instead of a PowerPoint, you start
off with a structured document that tells you what you need, the questions you need to answer for your

idea. And then we review them as a team.
RS ERIE:

BEFIRE L. BARTIIFZINEETBER PowerPoint, MEM—HREMLXXIEFE, WBAIREIFRRUAKRIREY
BERELMENRE. ARFNEA—TEPNHEITIFEHE,

[01:19:51] Ronny Kohavi
English:

And Amazon, these were paper-based. Now it's all based on Word or Google Docs where people
comment, and | think the impact of that was amazing. | think the ability to give people honest feedback
and have them appreciate, and have it stay after the meeting in these notes on the document, just

amazing.
FpERIE:

FL DR, XERVZRRED. REEEET Word ¢ Google Docs, AfTRILATE LEITIL. FINFIXMPRME
EIRAR, BEWSLE ANTNIMSERY RIS, TLMIEME, HilXERIFESWERBRABEEFERER, XKXIE
To

[01:20:13] Lenny
English:

Final question, have you ever run an A/B test on your life, either your dating life, your family, your kids?
And if so, what did you try?

RSz ERIE:
BE—NEE, REEEEEFETETE A/BIMR? LHINWEEE. RESEZF? RE, RERTHA?

[01:20:21] Ronny Kohavi
English:

So there aren't enough units. Remember | said you need 10,000 of something to run true A/B tests? | will
say a couple of things. One is | try to emphasize to my family, and friends, and everybody, this idea called
the hierarchy of evidence. When you read something, there's a hierarchy of trust levels. If something is
anecdotal, don't trust it. If there was an experiment, it was observational. Give it some bit of trust. As you

get more up and up to a natural experiment, and controlled experiments, and multiple controlled



experiments, your trust levels should go up. So | think that that's a very important thing that a lot of

people miss when they see something in the news is, where does it come from?
R EIE:

HARERE, BERRIFE 1 HMEEAAESITEIEN A/BIIKE? SRR, —RSHRFEMNRKA
BREFMErB ARE “GEEEZ%R” (hierarchy of evidence) XM, HIRRFIELARAER, EEEEREER
B, MRBHEEZE, FEHE, IREURMLR, £KF—ENEE, BEBRALAIBALK., ZIEXR
UKRZNZEXR, (MNEERENZEZIES. RIANRZATEHEFEIREERANSIZARX—R: B
ERREME?

[01:21:06] Ronny Kohavi
English:

I have a talk that I've shared of all these observational studies that people made that were published. And
then somehow, a control experiment was run later on and proved that it was directionally incorrect. So |
think there's a lot to learn about this idea of the hierarchy of evidence, and share it with our family, and
kids, and friends. | think there's a book that's based on this. It's like How to Read a Book.

FROCENIR:

HAEI—NEMH, FIETHREREELARNURERE, SRERETHRIELWIERENESR LEHIR
B, FRUFAAXT “HERE™ ARZERFEINMS, HAAUUSELRA. BFNAR. ZEE—FBH
BETXMERRN, XUTF CEER—AH).

[01:21:34] Lenny
English:

Well, Ronny, the experiment of us recording a podcast | think is 100% positive P value 0.0. Thank you so
much for being here.

FRCERIR:
§¥7, Ronny, FHIANFKNRFIXEABEZFAILIER 100% EMEBY, P{EHN 0.0, IFERGREVEIR,

[01:21:44] Ronny Kohavi

English:

Thank you so much for inviting me and for great questions.
FREiE:

IR RISHRARIE A X LSRRI Rl

[01:21:47] Lenny
English:

Amazing. | appreciate that. Two final questions. Where can folks find you online if they want to reach out,
and is there anything that listeners can do for you?

FRCERIR:



XIET, BRBH. &EMTRE. MRAFKBEKARIR, FTLUTEMEREIR? RRENRELESAME?

[01:21:55] Ronny Kohavi
English:

Finding me online is easy. It's LinkedIn. And what can people do for me? Understand the idea of control
experiments as a mechanism to make the right data-driven decisions. Use science. Learn more by reading
my book if you want. Again, all proceeds go to charity. And if you want to learn more, there's a class that |
teach every quarter on Maven. We'll put in the notes how to find it, and some discount for people who

managed to stay all the way to the end of this podcast.
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[01:22:31] Lenny
English:

Yeah, that's awesome. We'll include that at the top so people don't miss it, so there's going to be a code

to get a discount on your course. Ronny, thank you again so much for being here. This was amazing.
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[01:22:39] Ronny Kohavi
English:

Thank you so much.

[01:22:40] Lenny

English:

Bye everyone. Thank you so much for listening. If you found this valuable, you can subscribe to the show
on Apple Podcasts, Spotify, or your favorite podcast app. Also, please consider giving us a rating or

leaving a review, as that really helps other listeners find the podcast. You can find all past episodes or
learn more about the show at lennyspodcast.com. See you in the next episode.
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