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TOM W’S SPECIALTY

Have a look at a simple puzzle:

Tom W is a graduate student at the main university in your state. Please rank
the following nine fields of graduate specialization in order of the likelihood
that Tom W is now a student in each of these fields. Use 1 for the most
likely, 9 for the least likely.

business administration
computer science
engineering

humanities and education
law

medicine

library science

physical and life sciences
social science and social work

This question is easy, and you knew immediately that the relative size of
enrollment in the different fields is the key to a solution. So far as you x:wi.
Tom W was picked at random from the graduate students at the :a.éa_?
like a single marble drawn from an urn. To decide whether a marble is Bw:.w
likely to be red or green, you need to know how many marbles of each colo
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The proportion of marbles of a particular E% a. nu:m.a

EEE.N i :._ the base rate of humanities and education in this

g m_B__EH‘mon of students of that field among all the graduate

o wwnmwgnm of specific information about Tom W, you will go

students- tes and guess that he is more likely to be enrolled in humani-

by the base rates n than in computer science or library science, because

ties and educatio dents overall in the humanities and education than in the

there aré Mwmmnm%m base-rate information is the obvious move when no
other twO .

other information is provided.

there

Next comes a task that has nothing to do with base rates.
The m__osam is a personality sketch of Tom W written during Tom's senior
year in high school by a psychologist, on the basis of psychological tests

of uncertain validity:

Tom W is of high intelligence, although lacking in true creativity.

. He has a need for order and clarity, and for neat and tidy systems
in which every detail finds its appropriate place. His writing is
rather dull and mechanical, occasionally enlivened by somewhat

« corny puns and flashes of imagination of the sci-fi type. He has a

- ' strong drive for competence. He seems to have little feel and little

~~  sympathy for other people, and does not enjoy interacting with
« others. Self-centered, he nonetheless has a deep moral sense,

Now gm&a take a sheet of paper and rank the nine fields of specialization

. listed below by how similar the description of Tom W is to the typical

graduate student in each of the following fields. Use 1 for the most likely
and 9 for the least likely.

You will get more out of the chapter if you give the task a quick try;

eading the Teport on Tom W is necessary to make your judgments about
the various graduate specialties.
-~ This question too is straightforward. It requires you to retrieve, or per-
baps to construct, a stereotype of graduate students in the different fields.
When the €Xperiment was first conducted, in the early 1970s, the average
Ordering was as follows, Yours is probably not very different:




148
THINKING, FAST AND SLow

- computer science

- engineering

- business administration

- Physical and life sciences

. library science

law

medicine

humanities and education

- social science and social work

o 0N AU W N

%.o: probably ranked computer science amo
hints of nerdiness (“corny puns”). In fa t o ehet fitting becay
written to fit that stereotype. Anoth ct, ﬁvn description of Tom <<mm of
high is engineering (* iy o bectalty that most ked
. g (“neat and tidy systems”). Yo People rankeq
Tom W is not a good fit with your idea of social . _.unovwzw (hought tha
(“little feel and little mvﬂd.@wﬁ?% for other ﬁmOﬁHmwv WMMMON.WUQ social work
appear to have changed little in the nearl for : m.mm_o:& Stereotypes
description of Tom W. Y Torty years since L designed the
- ”m er_w of ranking ﬁrm. R is complex and certainly requires
scipline and sequential organization of which only System 2 is ca-
ww”?. Io€m<ww. the hints planted in the description (corny puns and
others) were intended to activate an association with a stereotype, an
automatic activity of System 1.

The instructions for this similarity task required a comparison of the
description of Tom W to the stereotypes of the various fields of specializa-
tion. For the purposes of that task, the accuracy of the description—whether
or not it is a true portrait of Tom W—is irrelevant. So is your knowledge of
the base rates of the various fields. The similarity of an individual to the ste-
reotype of a group is unaffected by the size of the group. Indeed, you could
compare the description of Tom to an image of graduate students in library
science even if there is no such department at the university.

If you examine Tom W again, you will see thathe is a good fit to stereo-
types of some small groups of students (computer scientists, librarians, en-
gineers) and a much poorer fit to the largest groups (humanities anc
education, social science and social work). Indeed, the participants Al
always ranked the two largest fields very low. Tom W was intentionally &
signed as an “anti-base-rate” character, a good fit to small fields and a pOo*

fit to the most populated specialties.
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in the seque” rank the fields of spe

; k < g .
o ﬁww_”““.» M_& it is Qm, nﬂn MMM ﬂwuﬁ now a graduate stude i
fhood »mnEm prediction group knew the relevant s12 d

B_umnmwv +h the base rates of the different fields, an
2 facts: they were mﬂb_rm“%m‘oa Ws description was not E.mvt\ ﬂ...cmnm

f o ed them to focus exclusively on the &B__wna.\ o
the stereotypes—We called it ww?&ngx..ka&.mlmmbmﬂ:m
oenly mn the doubts about the veracity of the mmmn....ﬁco:. ey
both the b25¢ nmamww” small mﬁwnw&Q\noBmEQ. science—as highly pr ob-
N.M” outcome gets the highest nm?.mmmnﬁncﬁn.ﬁmm score. o

able, because ked hard during the year we spent In Eugene, an

Amos and 1 WO e office through the night. One of my tasks for sucha
sometimes stayed in a description that would pit representativeness and
night was 10 prakes P W was the result of my efforts, and I com-

inst each other. Tom
W_MMM» Mmmwwm“”ﬂnon in the early morning hours. The first wm_.mohu who
showed up to work that morning was our colleague and mn._mnm Robyn
Dawes, who was both a mowEmmnﬁw& statistician and a skeptic about the
validity of intuitive judgment. If anyone would see the relevance of the base

rate, it would have to be Robyn. I called Robyn over, gave him the question I
had just typed, and asked him to guess Tom W’s profession. I still remember
his sly smile as he said tentatively, “computer scientist?” That was a happy
moment-—even the mighty had fallen. Of course, Robyn immediately rec-
ognized his mistake as soon as I mentioned “base rate,” but he had not
spontaneously thought of it. Although he knew as much as anyone about the
role of base rates in prediction, he neglected them when presented with the
description of an individual's personality. As expected, he substituted a judg-
ment of representativeness for the probability he was asked to assess.
. “ﬂ.ﬂn&”@H then collected answers to the same question from 114 grad-
i m n<m“~£m in v&ﬂ.rowow.% wﬁ three major universities, all of whom had
of the Hnbm mMME”nm in &»c.mn.—nm. They did not disappoint us. Their rankings
the ms__aoa%a mm 7% .Eo.v»v%@ did not differ from ratings by similarity to
that the vﬁznﬁf”ﬁmﬂ%p was .vmﬂ.nnn in this case: there was no indication
question aboyt vHov»vEQwMMnﬂzm”m wmm but H.E»mm representativeness. The
similarity was easier, and v ood) b difficult, but the question about
bt e » answered instead. This is a serious mistake,




€an m.amw.Sm all

the Pacific Oc » and otherg o

to
mwwﬂ.“&mn mmE.P more or less, what we intended ¢
o Bmm @W%mﬂoﬂum about the prob ability of events M mea In all the years | spent
, “Sir, what do o oD Oneever raise
had asked them to mmmwwch”“ _M% probabilty?” as they would :MMQMHQ%
as if they knew how to answer :w nMMHH such as globabiliy. Everyone aced
it would be unfair to ask them for Ms mxv%m_”“wwm%wﬂ»h: :aamasoa a
People who are asked to assess probabili o T Y
b . 85 probability are not stumped, because
E MMM—M MMM”WO”VMWMMM ﬁao_wmw.n.pq as m.ﬁm:..maﬁmsm and wr%%w:ﬁ use the
B ey mmmw%no al mbax or likelihood activates a mental shotgun,
ek r mcmmcgm. OE.W of .Ea easy answers is an automatic
presentativeness—routine in understanding language. The
(false) statement that “Elvis Presley’s parents wanted him to bea dentist” is
mildly funny because the discrepancy between the images of Presley and 2
dentist is detected automatically. System 1 generates an impression of sim-
ilarity without intending to do so. The representativeness heuristic is in-
volved when someone says “She will win the election; you can see sheis®
winner” or “He won't go far as an academic; too many tattoos” WeT! & o
representativeness when we judge the potential leadership of 2 candidate
for office by the shape of his chin or the forcefulness of his sp:
Although it is common, prediction by _.mwnmmm:ﬁm:é:am is

wmmnra.
pot statist’
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s ndly are in fact friendly.

. On most 0ccasions, people who act frie
d thin is much more likely to

s A ?ommm&ouﬁ athlete who is very tall an

play basketball than football.
« People with a PhD are more likely to subscribe to The New York Times

than people who ended their education after high school.
'+ Young men are more likely than elderly women to drive aggressively.
In all these cases and in many others, there is some truth to the stereotypes
n.pwn govern judgments of representativeness, and predictions that follow
n._M ﬂ”ﬁaﬂn may vo accurate. In other situations, the stereotypes are false
»”o : e representativeness  heuristic will mislead, especially if it causes
m< nM M Mo, umv%ﬂon base-rate information that points in another direction
en the heuristic idi i i :
e .r»m moﬂn.éﬂ&g exclusive reliance on it is associ-
PRYB sins against statistical logic.
' SIN of representativeness i i illi
sccurence of unbikely (low bas anM an excessive willingness to predict the
wa%o: reading The New York Times MVSnMM :M. Emm.m __M e e e
olowing s 2 be e New York subway. Which of th
Witk tter bet about the reading stranger? )

RN

5

m —.—C. b
he %wm. .:2 have a college amm_‘mo..

She smm aP

Represe
Dtativeness
sarily wise, o, would tell you to bet on th
. You shoul g cton the PhD, but this is n
b d seriously consider the second &S_dm:,aowannom-
. ve, DE€Cause




152
._.I_Z_A_ZD< FAST AND
many more non SLow

graduat
Must guess whe ates than Phps ride j

ther A wWoman who n ZmE Yor

is mmwnzvoa as

loves poetry, it i
the much lar

P - any experiments j
mation is explicitly provided as part of the won -

participants are influenced by those base rates
about the individual case is almost always :
statistics. Norbert Schwarz and hi

Nos s colleagues sh
people to “think like a statistician” enhanced the

tion, while the instruction to “think like a dli
effect.

b ich memn
_mav and man
&Eocw; the i Y of the

mere
Smn:_nn:m
use of base-rate informa-

nician” had the opposite

An experiment that was conducted a few years ago with Harvard un-
dergraduates yielded a finding that surprised me: enhanced activation of
System 2 caused a significant improvement of predictive accuracy in the
Tom W problem. The experiment combined the old problem with a modern
variation of cognitive fluency. Half the students were told to puff out their
cheeks during the task, while the others were told to frown. Frowning, as we
have seen, generally increases the vigilance of System 2 and reduces both
overconfidence and the reliance on intuition. The students who puffed out
their cheeks (an emotionally neutral expression) replicated the or iginal re-
sults: they relied exclusively on representativeness and ignored the base
rates. As the authors had predicted, however, the frowners did show some
sensitivity to the base rates. This is an instructive finding.

System 1 and System 2

] intuitive judgment is made, W
When an incorrect intuitive judg correct intuition: and

should both be indicted. System 1 suggested the i
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0
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tiveness is insen
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t he is very 55
a% QM i HM.amHVMWM were explicitly told that the description should not
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sitivity to the quality of ev-
the Tom W example, what
tion of Tom, which may or

e %,_Bmm_.ﬂsbn in principle that worthless Emonamnon.u should
; ”M treated differently from a complete lack of information, but
=€o“w$d makes it very difficult to apply that principle. Ca._.ﬁmmm you decide
immediately to reject evidence (for example, by determining nrm." you re-
ceived it from a liar), your System 1 will automatically process the informa-
tion available as if it were true. There is one thing you can do when you have
doubts about the quality of the evidence: let your judgments of probability
stay close to the base rate. Dont expect this exercise of discipline to be
easy—it requires a significant effort of self-monitoring and self-control.

The correct answer to the Tom W puzzle is that you should stay very
close to your prior beliefs, slightly reducing the initially high probabilities
of well-populated fields (humanities and education; social science and
mnn.s_ work) and slightly raising the low probabilities of rare specialties
m&m.mc, science, computer .,“..Qobnmv. You are not exactly where you would

¢ it you had known nothing at all about Tom W, but the little evidence

<9.~ vﬁ:,m:oﬁ qcmgo:r%woﬁrw,gmn;n&mroﬁm&oBSmﬁon
estimates, -

o ..ﬂof TO DISCIPLINE INTUITION

Your probab,

Kief bug Ny ility that it will rain tomorrow is your subjective degree of be-

m:oEa not let yourself believe whatever comes to your mind.
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the new degree of belief would be 94.19%, And so on.

The mathematical details are not relevant in this book. There are two
ideas to keep in mind about Bayesian reasoning and how we tend to mess it
up. The first is that base rates matter, even in the presence of evidence about
the case at hand. This is often not intuitively obvious. The second is that in-
tuitive impressions of the diagnosticity of evidence are often exaggerated.
The combination of WYSIATI and associative coherence tends to make us
believe in the stories we spin for ourselves. The essential keys to disciplined
Bayesian reasoning can be simply summarized:
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« Anchor your judgment of the probability of an outcome on a plausible
base rate.
 Question the diagnosticity of your evidence.

n I realized

he
Both ideas are straightforward. It came as a shock to me w o TEadi

‘ en n
that I was never taught how to implement them, and that ev
unnatural to do so.




demonstrations.

The audiences who heard this description in the 1980s always laughed be-

cause they immediately knew that Linda had attended the University of
California at Berkeley, which was famous at the time for its radical, politi-
cally engaged students. In one of our experiments we presented participants
with a list of eight possible scenarios for Linda. As in the Tom W problem,
some ranked the scenarios by representativeness, others by probability. The
Linda problem is similar, but with a twist.

Linda is a teacher in elementary school.

Linda works in a bookstore and takes yoga classes.
Linda is active in the feminist movement.

Linda is a psychiatric social worker.

Linda is a member of the League of Women Voters.

|
{
!
4
!
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2 bank teller:

n the feminist movement.

. several ways. The League of Women Voters isno
S and the idea of a feminist “movement” sounds

.. miannoé:rn_u&nEa

nnav..Emnr»bmmE%mn»Emo.
smuma. a achoE& ,Mcoow era, however, it is still easy to guess the %wmﬂ
: ors, Even i the Fac .Linda is a very good fit for an active feminist,
ﬁ o

: ts?
! ffect consens|® st who works in a bookstore and takes yoga

ne
Wn?% good ft il moEm«nomon 2 bank teller or an insurance salesperson.

s—and a very woon.nn& items in the list: Does Linda look more like a

EM 2 bank teller who is active in the feminist move-

i Bo_.nmmm that Linda fits the idea of a “feminist bank teller”

ment? Mﬁaﬂﬁﬂﬂmﬂgn stereotype of bank tellers. The stereotypical bank
T

g_”a < not a feminist activist, and adding that detail to the description
teller 18

re coherent story. :
B%MMNNHMB% in the judgments of likelihood, because there is a log-

; .on between the two scenarios. Egnmam%/\mg&mmnsm.
._Hn“ “MNMMMMEW% bank tellers is wholly included in the set of bank tellers,
as every feminist bank teller is a bank teller. Therefore the probability that
Linda is a feminist bank teller must be lower than the probability of her
being a bank teller. When you specify a possible event in greater detail you
can only lower its probability. The problem therefore sets up a contflict be-
tween the intuition of representativeness and the logic of probability.

Our initial experiment was between-subjects. Each participant saw a set
of seven outcomes that included only one of the critical items (“bank teller”
or “feminist bank teller”). Some ranked the outcomes by resemblance,
others by likelihood. As in the case of Tom W, the average rankings by re-
semblance and by likelihood were identical; “feminist bank teller” ranked
higher than “bank teller” in both.

Then we took the experiment further, using a within-subject design. We
G&m i the ac.o,&oubann as you saw it, with “bank teller” in the sixth position
H h_.ﬁ list and .m@gmn bank teller” as the last item. We were convinced that
ol st o ey 08t
e d it hin & A gic. W were ,8 certain o _.m that

€ to conduct a special experiment. My assistant

\isunning another experiment in the lab, and sh j
Plete the nery Yind xp ; . e lab, and she asked the subjects to com-
4 Questionnaire while signing out, just before they got paid.

its &
e shows 1=
The ﬂnow_ _.Qﬂ&bm nt as it was,

pank teller,




metal desk and of where ev. :
€ryone was w the
called Amos in great exciteme M il 9 oy

ted logic against representative

decision theory. We were surprised again: 859

ranked “feminist bank teller” as more %MMH% MWM. ..nm.m””nm ol »
In what we later described as “incre o

eliminate the error, we introduced larg,

asked them this simple question:

asingly desperate” attempts to
€ groups of people to Linda and

Which alternative is more probable?
Linda is a bank teller.
Linda is a bank teller and is active in the feminist movement.

..dﬁm stark version of the problem made Linda famous in some circles, and
it earned us years of controversy. About 85% to 90% of undergraduates at
several major universities chose the second option, contrary to logic. Re-
markably, the sinners seemed to have no shame. When I asked my large
undergraduate class in some indignation, “Do you realize that you have
violated an elementary logical rule?” someone in the back row shouted,
“So what?” and a graduate student who made the same error explained her-
self by saying, “I thought you just asked for my opinion.”

The word fallacy is used, in general, when people fail to apply logical
rule that is obviously relevant. Amos and I introduced the idea of a conjunc-
tion fallacy, which people commit when they judge a conjunction of tWo
events (here, bank teller and feminist) to be more probable than on¢ of the
events (bank teller) in a direct comparison.
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(shown above), only 15% of a similar m._.o:v of
that choice. The difference is E%Enmzm..d,m
two critical outcomes by an intervening item
the readers judged each outcome indepen-

AEEB%@ mparing them. The shorter version, in contrast, required

dently, A.E.Goﬁ nM:Wob that mobilized System 2 and allowed most of the

. &MWM_“MM_MMMESR& students to avoid the fallacy. Unfortunately, swn

anwon explore the reasoning of the substantial minority (36%) of this
chose incorrectly.

Knowledgeable group who :
o.:ﬁ _.mmanna of probability that our respondents offered, in both the

Tom W and Linda problems, corresponded precisely to judgments of repre-
sentativeness (similarity to stereotypes). Representativeness belongs to a
cluster of closely related basic assessments that are likely to be generated to-
gether. The most representative outcomes combine with the personality de-
scription to produce the most coherent stories. The most coherent stories are
not necessarily the most probable, but they are plausible, and the notions of
coherence, plausibility, and probability are easily confused by the unwary.

The uncritical substitution of plausibility for probability has pernicious
o.mﬁw on judgments when scenarios are used as tools of forecasting. Con-
sider these two scenarios, which were presented to different groups, with a
request to evaluate their probability:

f the Linda problem was the
64% of a group of graduate
Berkeley correctly judged

salesperson), and

A massive flood somewhere in North America next year, in which more than
1,000 peaple drown

An earthquake in Californi
lifornia sometime next year, causing a fl i ]
, ood in ?
More than 1,000 people drown ¢ —
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Mark has hair. p OUNU_mw

Mark has blond hair.

and

Which alternative is more probable?
Jane is a teacher. .
Jane is a teacher and walks to work
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LESS IS MORE, SOMETIMES EVEN IN JOINT EVALUATION

Chri oo .
OWMM“MMMMPWMMWMM Nm»ﬂ“”“ﬂw o»m O.Enm_mo. me& people 8. price sets
bty I E sale in a local store, iro_\m. A_S.:QSNR
. y runs between $30 and $60. There were three groups in his exper-
iment. The display below was shown to one group; Hsee labels that joint
evaluation, because it allows a comparison of the two sets. The other two
groups were shown only one of the two sets; this is single evaluation. Joint
evaluation is a within-subject experiment, and single evaluation is between-

subjects.

Set A: 40 pieces Set B: 24 pieces
8, all in good condition

8, all in good condition :
8, all in good condition

8, all in good condition

Dinner plates
Soup/salad bowls

’
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LINDA: _.
8, all in good condition

g, all in good condition

820
g, 7 of them broken
quality, which is
n is €a an see that Set A contains all the
additional intact dishes, and it must be valued

t evaluation experiment were

: in Hse€’s join
: $32 versus $30.

et A than for Set B:
aluation, where Set B was priced much

A5 0 .
ek i revered ff alig® u.< We know why this happened. Sets (in-
nted by norms and prototypes. You
alue of the dishes is much lower for
pay for broken dishes. If the
ing that Set B is valued
By removing 16 items

two sets are of equal
is easy. You €

nerwaré sets!) are represe

ot &_Mam&ua:, that the averageV
se no one wants to

for Set B, beca® = .
inates the evaluation; it is not surpris

re. Hsee called the resulting wmss.b. Nm..a is more.
i get A (7 of them intact), its value is improved. .
»oa the experimental economist John List

s finding was replicated by .
. mwmmaaw% for baseball cards. He auctioned sets of ten high-value
Mﬂmm and identical sets to which three cards of modest value were added.

As in the dinnerware experiment, the larger sets were valued more than
the smaller ones in joint evaluation, but less in single evaluation. From the
perspective of economic theory, this result is troubling: the economic value
M of a dinnerware set or of a collection of baseball cards is a sum-like vari-
ﬂ_ able. Adding a positively valued item to the set can only increase its value.
ﬁ The Linda problem and the dinnerware problem have exactly the same
structure, Probability; like economic value, is a sum-like variable, as illus-

trated by this example:

4 probability (Linda s a teller) = probability (Linda is feminist teller) +
probability (Linda is non-feminist teller)
Thisis also why, as in Hsee's dinnerware study, single evaluations of the Linda
problem produce a less-is-more pattern. System 1 averages instead of adding,
s ia.:. %.w non-feminist bank tellers are removed from the set, subjective
MMWMM_V_H_Q Swam_ma. However, the sum-like nature of the variable is less ob-
e M_“W M&“M mw»b mo_,..Eobn% >m a _.omEm joint evaluation eliminates
i MMN M%m:ﬁ.n:v woﬁ in the Linda ox.ﬂnan.:w:ﬁ
y conjunction error that survived joint evaluation. .,




63
s MORE :

LINDA: LESS |
the two choices, howeven
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h These Mﬂ%w MMNHH“HWWM% the same problem:
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A. Borg will win the match.
B. Borg will lose the first set.
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rvey was conducte

C. Borg will lose the fi
the first se .
D. Borg will win the first t but win the match. >=om=:mc .
wmﬁcc:ommgmamﬁo: : sample of 100 adult males In
British Columbia, of all ages and

se give your best

occupations. Plea
wing values:

estimate of the follo

The critical items are B and C. B is the
: mor

v be higher than that of an event it ; clusive event ang ; jon

- . ent it includ and its occupat! lues

Y presentativeness or plausibility, 729 ass; es. OoEBQ tol Eovm- imate of the following value

an C—another instance of less is Eozw ’<70assigned B alower OB1C, but e f the men surveyed How many of the 100 participants

thié Sceriaris that NP N_H a direct comparison MMoU»_UEQ _, what percentag® _“oa heart attacks? have had one or more heart attacks?

sible, a more cohe . able was unquestj + TCT€ again, _ have had one Of o

player in the 29.5_. ent fit with all that was known mvo_.Mﬂm_u€ ore plau- - ntage of the men surveyed | How many of the 100 participants
the best tennis m What uﬂﬂnma 55 years old and have both are over 55 years old and have

, are both @ had one or more heart attacks?

was 65% in the group that s

To head off the i jecti
possible objection that th j
€ conjunction fallacy j
Y is due to

g ation o». @HO.UN.UE , We OODWnHCﬁﬂNQ a Mvﬂovwms ﬂ—u _
t HW@CWHQQ

probability judgments, but i :
and the term wwhwm&\“_%hw”w M..MH m<mMMm were not described in words The incidence of errors
regular six-sided die with four mnmmm mmnwﬁ m<<m told participants about m, : ,, Jeft, and only 25% in the group that saw the problem on the right.
be rolled 20 times. They were shown m:mmm and two red faces, which would m , Why is the question “How many of the 100 participants . . ” so much
(R), and were asked to choose one. Th mmm%mbnmm of gr cens (G) andreds - _ casier than “What percentage .. »? A likely explanation is that the reference
- They would (hypothetically) win $25 if | 100 individuals brings a spatial representation to mind. Imagine that a
d to sort themselves into groups in a

U large number of people are instructe
" oom: “Those whose names begin with the letters A to L are told to gather

in the front left corner” They are then instructed to sort themselves further.

thei
eir chosen sequence showed up. The sequences were:

1. RGRRR

2. GRGRRR

S The relation of inclusion is now obvious, and you can see that individuals
whose name begins with C will be a subset of the crowd in the front left

: corner. In the medical survey question, heart attack victims end up in a
M”Msnwsom sMM room, .2& some of them are less than 55 years old. Not
vﬁn“z%g rmwv”” this particular vivid imagery, but many subsequent ex-
ki i M . OWn .92 the frequency .8?%33:.0? as it is known,
sl %Enemﬁ that one group is wholly included in the other.

o the puzzle appears to be that a question phrased as “how

mwmmcmo the die has twice as many green as red faces, the first sequence is
quite cbnovammn:ﬁmél:wm Linda being a bank teller. The second sequence,
S.Eov contains six tosses, is a better fit to what we would expect from this
die, because it includes two G's. However, this sequence was constructed by

adding a G to the beginning of the first sequence, SO it can only be less likely
than the first. This is the nonverbal equivalent to Linda being a feminist ¢ many?” mak
; " makes you think of individuals, but the s i
3 ame question phrased as

bank teller. As in the Linda study, representativeness dominated. Almost “what percentage?” does not.
two-thirds of respondents preferred to bet on sequence 2 rather than on 2 i What have we learned from these studies ab h
1 ies about the workings of Sys-
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grams, but they did not apply it reliably even wh W the logic Aled j,
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. . ) urdj Televap, ;
Hgnimw obvious in Hsee’s dinnerware study ms&g of the _mmm,;,.d Uinfy,.
» . . 0
e “how many?” representation, but it was not a Was easily Snom:# Pa.
PParent ¢ 12¢q
(s} In

OmvmoEerormﬁnoBanmnEmnos.c:. the

E.ov_.na and in others like it. In all Eummonnﬂwwmmﬁ»n% 5.50 olmM”M:Mw:&

plausible, and that sufficed for an endorseme t ' Conjunctign a i~
The laziness of System 2 is part of the mHMJyoMmm WMR.,B & Fheareq

depended on it, and if they had been given m:mmmb. Q.a NeXt vaca

low logic and not to answer until they were sure Mﬁm J.Bm and to

that most of our subjects would have avoided th 0 their ~nswer,

i . . € conjunctj
ever, their vacation did not depend on a correct m:_mé Q_MM falla,
er; ﬂvw s

"Preg.
le

tion haq
E to wo_y
Ibeliey,
€Y. How.

_M.En E.un on w.r m.wa were content to answer as if they had o I Pent very
or their omﬁ.:ou. The laziness of System 2 is an imp ozmbh. y been “askeq
the observation that representativeness can block the m@m:nmm%n of life, anq

10n of an g}

vious logical rule is also of some interest.
Th i !
&msamm”“wﬂ%” MmMMMW W”Mmr WMMAH MBQ is the contrast to the broken-
. same structure, but yield dif,
results. People who see the dinnerware set that includes g,omM di -
a very low price on it; their behavior reflects a rule of intuition Muﬁ_“.mrmm "
see both sets at once apply the logical rule that more dishes ...,.mu omm swo
MMcn.. F.Eu.ag Moﬁgm judgments in the between-subjects nOb&aou.MMmm
es in joint evaluation. i i intuition.
o<mnnu.9_m logic even EJMM”MMHMMMHMWMMH h noﬂgmr. A
vercam , ugh we identified some con-
ditions in which logic prevails.

Amos and I believed that the blatant violations of the logic of proba-
bility that we had observed in transparent problems were interesting and
worth reporting to our colleagues. We also believed that the results strength-
ened our argument about the power of judgment heuristics, and that they
would persuade doubters. And in this we were quite wrong. Instead, the
Linda problem became a case study in the norms of controversy.

The Linda problem attracted a great deal of attention, but it also became
a magnet for critics of our approach to judgment. As we had already done,
researchers found combinations of instructions and hints that reduced the
incidence of the fallacy; some argued that, in the context of the Enmm
problem, it is reasonable for subjects to understand the word ..Eo_umv::v\
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iment (including studies of r:&ﬁ
addressed, and its salience was di-
njunction fallacy. The net effect of
: e visibility of our work to the gen-
 7ed #0F ibility of our approach among schol-
t we had expected.
ow:im\_w__ Mvmﬁém that lawyers apply two styles
ot they raise doubts about the strongest argu-
.M 2 witness, they focus on the weakest part of
aknesses is also normal in wo:nn& debates. I
scientific controversies, but I have come to
Jife that the norms of debate in the social mn_m.snmm do not
litical style of argument, especially sr.nn large _mmcom are at
revalence of bias in human _.cmmB.mE is a large Emr._m.
agol had a friendly conversation with Ralph Emnﬁwﬁ.m. a ﬁm.ﬂ
istent critic of the Linda problem, with swroB I had QM:%%«EM M:nm MMM:
Mnmaw" to settle our differences. I asked him why he and others ha

ity clusively on the conjunction @.:»Q.BEQ ﬁrpmonoﬁrm_.msm-
H et Eoﬁm& stronger support for our position. He smiled as he an-
Emmza. “t was more interesting;’ adding that the Linda profleinan

attracted so much attention that we had no reason to complain.

the testiP> %vnowmwﬁmwb

Some years

SPEAKING OF LESS IS MORE

“They constructed a very complicated scenario and insisted on calling it highly
probable. It is not—it js only a plausible story."”

“They added a cheap gift to the expensive product, and made the whole deal less
attractive, Less is more in this case.”

“In most situations, a direct comparison makes people more careful and more log-
ical. But not always, Sometimes intuition beats logic even when the correct answer
stares you in the face,”
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the witness under s lue. The court tested the rejiayi this cab driver _“m version, in contrast, the drivers of Green cabs cause more
) o In the se€o < as the Blue cabs do. The conclusion is im-

i ident:
than 5 times as many accl : : _
mediate: the Green drivers must be a collection of reckless madmen! You

have now formed a stereotype of Green recklessness, which you apply to
anknown individual drivers in the company. The stereotype is easily fitted
into a causal story, because recklessness is a causally relevant fact about
individual cabdrivers. In this version, there are two causal stories that need
to be combined or reconciled. The first is the hit and run, which naturally
Q%.w the w%m that a reckless Green driver was responsible. The second is
MM Hﬁ”wﬂﬁ.&»ﬁ% ‘.zEnr strongly suggests the cab was Blue. The infer- -
approximately ¢ 8 mwonow »_uoc.n the color of the car are contradictory and
equal (the w»ﬁmw:no mw r& .omrnn. The chances for the two colors are about
yesian estimate is 41%, reflecting the fact that the base rate of

Green cabs is 3 Littl
€ more ext ek
. eported a Blue cab) reme than the reliability of the witness who

s\ U
y
__NH IS —__m _OUNU___H _n_ at n_ e ONU involved ir the acc de ﬂimmmcm athe

This is a standard problem of Bayesian inference. There are two items of
information: a base rate and the imperfectly reliable testimony of a witness.
In the absence of a witness, the probability of the guilty cab being Blueis
15%, which is the base rate of that outcome. If the two cab companies had
been equally large, the base rate would be uninformative and é:_usm_é
consider only the reliability of the witness, no:n_c&nm EMﬂ hrnmmﬂmm.w E__N
is 80%. The two sources of information can be combined by Bay
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MWMMQG%SN is a bad word in our culture, but in my usage it is neutral. One
e basic characteristics of System 1 is that it represents categories as

norms and prototypical exemplars. This is how we think of horses, refrig-

erators, and New York police officers; we hold in memory a representation ¢

of one or more “normal” members of each of these categories. When the cal-
egorigsare social, these representations are called stereotypes. Some stereo:
ypes are perniciously wrong, and hostile stereotyping can have dreadful
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CAUSAL SITUATIONS

Amosand I constructed the variants of the cab problem, but we did not in-
vent the powerful notion of causal base rates; we borrowed it from the psy-
chologist Icek Ajzen. In his experiment, Ajzen showed his participants brief
vignettes %mn.n@:m some students who had taken an exam at Yale and
asked the participants to judge the probability that each student had passed
Em_amr The manipulation of causal base rates was straightforward: Ajzen
HE M:ua group that the students they saw had been drawn from a class in
__&MQM.MH@MMM& ﬂ.rm exam, and told another group that the same students
” 3 » L3
e Emwm »_Mn ,M”M“oaw .Nm.x. passed. This is a powerful manipula-
S o by %mmm:._n suggests the immediate inference that
culy of a tes i, of i o o:MEMMMBR been brutally difficult. The diffi-
2 °
e causal factors that determine every




Course, the versions ar
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> Mere] i
cted. The next study, one of my Mzmmmw
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is rather more complex,

CAN PSYCHOLOGY BE TAUGHT?

The reckless cabdrivers and the impossibly difficult exam illustrate two in-
ferences that people can draw from causal base rates: a stereotypical trait
that is attributed to an individual, and a significant feature of the situation |
that affects an individual’s outcome. The participants in the experiments ;
made the correct inferences and their judgments improved. Unfortunately, i

things do not always work out so well. The classic experiment I %Mnavn
next shows that people will not draw from base-rate information NM _im_v :

: : rtable =
ence that conflicts with other beliefs. It also supports the uncomfortable £

conclusion that teaching psychology is mostly a waste of H_an._.& el
The experiment was conducted a long time ago by :MM MM cawnai "
gist Richard Nisbett and his student Eug a

ene Borgida, -
ned -
Michigan. They told students about the renow * iversity. Partici
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bty 7087 e particlP aving a seizure and E.nw w&M% it
ocm“ﬁnﬂwnwﬁrnn people who coue Mwwmmrmﬁnmmaan only
there were 8 safely in one’s booth. s 2_ to the appeal for
erhaps Oné i e ants responded imm i t only well
¢ the fifteen participar booth, and five others came Ou that
t gt of LeHE hoked. The experiment showbie

im” apparently ¢
cwﬂo“ﬂmwo:ﬁ@&? when they know that others have

P
four 0
help. Six never 80

after the “seizure vic
individuals feel relieve

request for help. : -
__Sncﬁ_.“_w Wmmﬁmc_"m surprise you? Very probably. Most of mm 9.5# o o
m%mM as decent people who would rush to help in such a situation, an

expect other decent people to do the mm.wﬁm. ..,Dum point of the munmvo“._ :ﬂMSﬂ MM.
course, was to show that this expectation is wrong. Even normal, dece
people do not rush to help when they expect others to take on the unpleas-
antness of dealing with a sejizure.’ And that means you, too.

Are you willing to endorse the following statement? “When I read the
procedure of the helping experiment I thought I would come to the stranger’s
help immediately, as I probably would if I found myself alone with a seizure
victim. I was probably wrong. If I find myself in a situation in which other
People have an Opportunity to help, I might not step forward. The presence
mwwrﬁww%ﬂﬂwﬂ I m.ac.nn my sense of personal responsibility more than I ini-
o i =mE .ﬁﬁmﬁirmm a teacher of psychology would hope you would

The Psychlogy Hmsm e the same _Jmnnnunow by «.ﬁocww&m

prolessor who describes the helping e€xXperiment wants




come to the aid of the

ﬂrg that an unidentified participant had been immediately helpful is
therefore 27%. Thus your prior belief about any unspecified participant
should be that he did not rush to help. Next, Bayesian logic requires youto |

adjust your judgment in light of any relevant information about the indi-
vidual. However, the videos were carefully designed to be uninformative; |
they provided no reason to suspect that the individuals would be either &

more or less helpful than a randomly chosen student. In the absence of use-

ful new information, the Bayesian solution is to stay with the base rates.
Nisbett and Borgida asked two groups of stude

and predict the behavior of the two

group were told only about the proced e he ope
about its results. Their predictions reflected their views of il

P 2 t
ure of the helping experiment, N0
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social setting have learne . .
dictions they make about random strangers, or about their own behavior,

indicate that they have not changed their view of how they would have be-
haved, In the words of Nisbett and Borgida, students “quietly exempt them-
selves” (and their friends and acquaintances) from the conclusions of
experiments that surprise them. Teachers of psychology should not despair,
however, because Nisbett and Borgida report a way to make their students
appreciate the point of the helping experiment. ‘They took a new group of
MMM”WQQ taught them the procedure of the experiment but did not tell
group results. They showed the two videos and simply told their
students that the two individuals they had just seen had hel
stranger, then asked them to ess the global RUEAGR e
Rt the st gu e global results. The outcome was dra-
Tt wEmQM:msmmm were extremely accurate.
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SPEAKING OF CAUSES AND STATISTICS

“We can’ i
oo t assume that they will really learn anything from mere statistics. Let's
em one or two representative individual cases to influence their Sys-

tem 1."

. Zo. :wma to worry about this statistical information being ignored. On the contran, A

it will immediately be used to feed a stereotype.”
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i rats, humans, and other animals.

e ESWMQEH. finished my enthusiastic mﬁmmn? one of
o d his hand and made a short speech of his own.

sructors in the grouP nwwmw .
wonmﬁwu by conceding that rewarding improved performance B_mvnv.m
, but he denied that it was optimal for flight cadets. This

d flight cadets for clean

“On many occasions I have praise
The next time they try the same ma-

ther hand, I have often screamed
and in general he does better on
ks and punishment does

atisfying €Y

the most seasoned in-

good for the bir

is what he said:
execution of some aerobatic maneuver.

neuver they usually do worse. On the o
into a cadet’s earphone for bad execution,
his next try. So please don't tell us that reward wor
not, because the opposite is the case.”
2 HMEM Was a joyous moment of insight, when I saw in a new light a prin-
zm_z Mvwmmwmanm that I had been teaching for years. The instructor was
iy onnmawém also anEQm_«x wrong! His observation was astute and
lowed by a dj ns on which he praised a performance were likel b
Y a disappointing perfo. : : e e fol
followed by an i ormance, and punishments wer i
6 Y an improvement. But the infe e typically
cacy of reward and punishment w: erence he had drawn about the ef-
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any help from either praise or p
The discovery I made on that da

unishment.

y was that the flight instructors were
gency: because they punished cadets when
they were mostly rewarded by a subsequent im-
provement, even if punishment was actually ineffective. Furthermore, the
instructors were not alone in that predicament. I had stumbled onto a sig-
nificant fact of the human condition: the feedback to which life exposes us
is perverse. Because we tend to be nice to other people when they please us

and nasty when they do not, we are statistically punished for being nice E&,
rewarded for being nasty.

trapped in an unfortunate contin
performance was poor,

TALENT AND LUCK £

. . dj
A few years ago, John Brockman, who edits the online magazine Edge, asked |

. . ion” These were my
a number of scientists to report their “favorite equation” Th ..
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often than they ar

above-average score on day 1l = above-average talent +
lucky on day 1

and

below-average score on day 1°= below-average talent +
unlucky on day 1

Now, suppose you know a golfer’s score on day 1 and are asked to pre-
dict his score on day 2. You expect the golfer to retain the same level of
talent on the second day, so your best guesses will be “above average” for the
MM%E and ..v.o_os average” for the second player. Luck, of course, is a

€rent matter. Since you have no way of predicting the golfers luck on the

your best guess must be that it will be average, neither
means that in the absence of any other information,

Second (or any) day,
80od nor baq, This
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Regression effects are ubiquitous, and so are misguided causal storiesto
explain them. A well-known example is the “Sports lustrated jinx, the
claim that an athlete whose picture appears on the cover of the magazine s
doomed to perform poorly the following season. Overconfidence and the

pressure of meeting high expectations are often offered as explanations. Bt
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ained, the phenomenon of regression

detected or wrongly expl ‘ \
e —Eno_n human mind. So strange, indeed, that it was first identified

; to
s panee ood two hundred years after the theory of gravitation and dif-

and underst .
ferential calculus. Furthermore, it took one of the best minds of nineteenth-

century Britain to make sense of it, and that with great difficulty.

Regression to the mean was discovered and named late in the nine-
eenth century by Sir Francis Galton, a half cousin of Charles Darwin and a
renowned polymath. You can sense the thrill of discovery in an article he
published in 1886 under the title “Regression towards Mediocrity in Hered-
itary Stature;” which reports measurements of size in successive generations
of seeds and in comparisons of the height of children to the height of their
parents. He writes about his studies of seeds:

””MM MNAHMM hmﬁhﬁmnrmn seemed very noteworthy, and I used them as the
e Mmon ore _mra Royal Institution on February 9th, 1877. It ap-
oy mnmam MM.MM“.MM”« MSn the offspring did not tend to resemble
ol 6 R 0 be always more mediocre than they—to be

parents, if the parents were large; to be larger than the

parents, if the

e parents were ve
that the ; ry small . .. The experiments
mean filial regression towards mediocrity w: et s

Hi .
the parenta] deviation from it. as directly proportional
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Y eisa better pianist than she is tall. I, * 1S 2pproprig, The correlation b€ . tude tests and suc-
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Yy age, in aduate s i _
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Hipa i ein
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e Weightd ; e Of practice, ures of success. )
ght depends only on consumption of ice cream, e ion b n income and education level in the United
* Ice cream consumption and weekly hours of i F | « The correlation betwee
practice are unrelated, States is »v?ox.pauamq .40. . e o e
i : ion between family income and the last four digits ot the
Now, using ranks (or the standard scores that statisticians pref; v piThe correlatic : 7
write some equations: prefer), we can m phone number is 0.
weight = . : It took Francis Galton several years to figure out that correlation and
Sano _mﬁm = age + ice cream consumption regression are not two concepts—they are different perspectives on the
| = H .
playing = age + weekly hours of practice . same concept. The general rule is straightforward but has surprising conse-
{ uences: whenever the correlation betw: cores is imperfect, there
You can see that there will be regression to the mean when we predict piano ; ”_S: b i o~.~ i m insi ? i
I oh ) predictp T e regression to the mean. To illustrate Galton’s insight, take a proposi-
playing from welg t, or vice versa. If all you know about Tom is that he 4 tion that most people find quite interesting:
ranks twelfth in weight (well above average), you can infer (statistically) & i
i Highly intelligent women tend to marry men who are less intelligent than

that he is probably older than average and also that he probably consumes
more ice cream than other children. If all you know about Barbara is that
she is eighty-fifth in piano (far below the average of the group), you can
infer that she is likely to be young and that she is likely to practice less than
most other children.

they are,

woc can get a good conversation started at a party by asking for an explana-
tion, and your friends will readily oblige. Even people who have had some
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€Xposure to statistics will Spontaneous]

terms. Some may think of 4

. highly intell
competition of equally intelligent men .

w.rﬁn choice of spouse because intelligen
intelligent women. More far-fetched
party. Now consider this statement:

Interpret the Staten,
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nt
Sﬁbﬂsm n Caygy

or being forceq to Avoiq
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explanatio ot Want to copy, Mise i
s Will come - Pete With
at 3
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The correlation between the i i
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of SPouses j
S less ¢

han
" Perte
This statement is obviously true and not Interesting at 4] ct,
the correlation to be perfect? There is nothing to expla; -Who would ¢y
you found Interesting and the statement P Eb But pect

equivalent. If the correlation between the intelligen

perfect (and if men and women on average do DMM M.vaoc
then it is a mathematical inevitability that highly intely; o
married to husbands who are on aver -y

: age less intelligent 1,
Vvice versa, of course). The observed regression to ﬁrw me

Interesting or more explainable than the imperfect corre
You probably sympathize with Galton’s struggle wi
gression. Indeed, the statistician David Freedman us
topic of regression comes up in a criminal or civil trj
explain regression to the jury will lose the case. Why i
reason for the difficulty is a recurrent theme of th
m:o:m:a E.wmwa toward causal explanations and does not deal well with
mere statistics” When our attention is called to an event, associative
memory will look for its cause—more precisely, activation will automati-
cally spread to any cause that is already stored in memory. Causal explana-
tions will be evoked when regression is detected, but they will be wrong
because the truth is that regression to the mean has an explanation but does
not have a cause. The event that attracts our attention in the golfing tourna-
ment is the frequent deterioration of the performance of the golfers who
were successful on day 1. The best explanation of it is that those golfers were
unusually lucky that day, but this explanation lacks the causal force that our
minds prefer. Indeed, we pay people quite well to provide interesting ex-
planations of regression effects. A business commentator who correctly an-
nounces that “the business did better this year because it had done poorly
last year” is likely to have a short tenure on the air.
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i ignifi era
ted with an energy drink improve significantly ov
e
pildren trea
period-
t it reports is true: if you
children for some time with an energy drink,

ificant improvement. It is also the case that

i ding on their head or hug a

. spend some tume stan
%?nmm& nr__&.wa M.MM %Ni will also show 5635305.". Most _.mu%mm of
oa fox (W ﬂ:-.::: utomatically infer that the energy drink or the .ﬂ: hug-
s hesdnesll but this conclusion is completely unjustified.

improvement,
ging S%Mﬁ_ nﬂ:mm”ﬂ ore an extreme group, they are more depressed than
Depresse

1dren—and extreme groups regress to the mean over time.
oS o> n?_ b mﬂﬂog depression scores on successive occasions of test-
gm.no:n_wﬁ“” Mn,nnr so there will be regression to the mean: depressed
“n_m_ Mn M_mmiE m%moanirpn better over time even if me hug no cats ﬂa
drink no Red Bull. In order to conclude that an energy drink—or any ot .2.
treatment—is effective, you must compare a group of patients who receive
this treatment to a “control group” that receives no treatment (or, better,
receives a placebo). The control group is expected to improve by regression
alone, and the aim of the experiment is to determine whether the treated
patients improve more than regression can explain.

Incorrect causal interpretations of regression effects are not restricted to
readers of the popular press. The statistician Howard Wainer has drawn up
4 long list of eminent researchers who have made the same mistake—
confusing mere correlation with causation. Regression effects are a com-
mon source of trouble in research, and experienced scientists develop a
healthy fear of the trap of unwarranted causal inference.

this newspaper headline, but the fac

m &mﬁnnmmn&
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treated 3 BT oup ©
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One of my favorite examples of the errors of intuitive prediction is adapted

from Max Bazerman’s excellent text Judgment in Managerial Decision
En?.:%
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You are the sales forecaster for a department store
similar in size and merchandise selection, byt thej
location, competition, and random factors. You are
2011 and asked to forecast sales for 2012. You ha

Chain All Stores

. - a'JS“
given the resi

Vi
® been INStrycss

for

accept the overall forecast of economists that sales wi|| | 4t
10%. How would you complete the following tabje? crease Mery, 7,«

Store 2011

1 $11,000,000 2012

2 $23,000,000 B

3 $18,000,000 -

4 $29,000,000 S

Total $81,000,000 £536. 1101

$89,100,000

Having read this chapter, you know that the obvious solution of add;
10% to the sales of each store is wrong. You want your forecasts to he e:: i
sive, which requires adding more than 10% to the low-perfonnjngbmvc;:
and adding less (or even subtracting) to others. But if you ask other peo;j&
you are likely to encounter puzzlement: Why do you bother them with 45
obvious question? As Galton painfully discovered, the concept of regres.
sion is far from obvious. -

SPEAKING OF REGRESSION TO MEDIOCRITY

“She says experience has taught her that criticism is more effective than praise.
What she doesn’t understand is that it's all due to regression to the mean.”

“pPerhaps his second interview was less impressive than the first because ne w:as
afraid of disappointing us, but more likely it was his first that was unusually

good.”

ould anticipate regres:

so we sh
perfect, + meetou

“QOur screening procedure is good but not e
y best candidates often fal

sion. We shouldn’t be surprised that the ver
expectations.”




