‘not. The students appreciated
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land as a child, booked the upstairs
floor of Pisa, a pizzeria near Al-Arab
Medical University, and instructed the
“wait staff to maintain a flow of macchia-
tos while we remade Libyan journalism.
All day, the restaurant’s ground-floor
TVs reverberated with Italian soccer
at full volume, while upstairs I shouted
out terms like source, attribution, and
plaintiff-friendly libel law, and the Lib-
vans scribbled them down. Sallak, big-
eyed and wrapped tightly in a blue veil,
chirped out definitions in Arabic when
things got technical.

I preached a gospel of objectivity,
freedom from bias, and independence—
the canonical American journalistic
virtues—and explairied why journal-
ists aren’t supposed to shade stories to
protect the powerful, or lie, or break the -
law, or pay their sources, or be paid by
them, or pretend to'be someone they're
the theory but challenged me  NETAM
in practice, Nearly all said, for
example, that they would de-
cline to publish a story that
made the leaders of the rebel
government look bad, at least
until the war was finished.
(“That makes you not jour-
nalists but propagandists;” fumed one

-dissenter, shaking his shaggy hair in

disappointment.)
They demanded that I explain what
they perceived as lapses in the Ameri-

_can media’s objectivity. T braced my-

self for the word Palestine, but it never
came. Instead, a young man in glasses
complained: “We read in your news-
papers that we are ‘rebels’ We are not

‘rebels’! We are revolutionaries.” To Lib-

yans, he said, rebel connoted defiance
of legitimate authority, such as one's
father, and made the revolutionaries
sound like eriminals and unprincipled
killers. Our use of rebels betrayed an
anti-revolutionary bias. I replied that
the term rebellion wasn’t stigmatized
that way in English. The Libyans—all
of them, um, revolutionaries—were
unconvinced.

Toward the end of our training, I split
them into small groups and gave them
a reporting exercise: An anonymous tip
had come in, stating that the U.S. ambas-
sador had met yesterday with the fugi-
tive Saif al-Tslam Qaddafi. Investigate.
Hunter Keith, an Arabic-speaking Towan
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working as a contractor for USAID, stood
in an adjacent room and played the am-
bassador. I furnished his phone number
to the teams, who could also contact the
ambassador’s driver and housekeeper,
played by two Libyan associates whom I
instructed to ask for money in exchange
for their testimony. If the teams called
around, seeking denials and confirma-
tions, they could navigate a maze of.
varyingly dubious sources and uncover
the true scoop, which was that the am-

- bassador’s visitor was not Saif al-Islam,

but a major politician whose imminent

appointment in the new government

would be a story in itself.

Within seconds; Keith’s phone vi-
brated across the table. “Mr. Ambas-
sador;” the first caller said. “This is Saif
al-Istam. Did we have a good meeting
yesterday?” Keith, in character, told
the journalist he had no idea what was
going on. “Mr. Ambassador,”
the next caller said. “This is
the police. We have seen you
drunk on the street, and we
need you-to ome in for ques-

(CR VY

" ten ard the ethics unhe:e'ded

With the flimsiest sourcing,
-every group led its story with an an-

nouncementthat Saif al-Islam had met’

with the ambassador. One group dug’

deeply and- diligently enough to reach

the truth—but led with the Saif al-Islam -

lie anyway.
Infact, it’s fair to say that most of my

trainees wanted to find and execute Saif
al-Islam mote than they wanted the
story. Ah well, I thought--you can’t be-
come a great journalist without first hav-
ing some kind of a killer instinct.

v

Misfortune Teller

A STATISTICS PROFESSOR SAYS
HE CAN PREDICT CRIME BEFQRE
IT OCCURS.

By Nadya Labi

'RICHARD BERK LIKES to think he
“knows what criminals will do—even
before they know. The statistics pro-
fessor, who teaches at the University of
Pennsy_lvania, was recently willing to

- years has exceeded its capacity, paroles

tioning” In the thrill of the -
g hunt, my lessons were forgot:

- caught, Ballard told the investigating '

-building a similar algorithm for Phila-

~ Berk to predict which of the 50,000

show off his skills. “What is the highest-
risk age for re-offending?” he asked. I
hazarded the early 20s, and was quickly
corrected. “Teens,” he responded. “Ac-
tually, the [rate of re-offending] falls off
very quickly in the early 20s” But the
trend line doesn’t hold, Berk explained.
Violent activity starts to increase
again in individuals a decade or so
older. “You’re picking up the domestic-
violence offenders,” Berk surmised.
“They need someone to beat up on, and
they're in their late 305>
This sort of behavioral analysis is at
the center of Berk’s expanding work
as something of a crime predictor—a’
number cruncher whose algorithms
are helping police and corrections of-
fictals forecast recidivism. Thé Penn-
sylvaria Board of Probation and Parole,
for instance, has been working with the
professor for the past two years. '
The state’s prison system, which for

off
ine
cay
-nearly 10,000 inmates every year. The off
parole board relies upon interviews
with offenders; a survey, recommenda-
tions from prison officials, and victim™
stateinents to decide whom to free.
The cost of mistakes is high: in 2010,
six months after he was released on pa-
role, Michael Ballard killed four people
in eastern Pennsylvania. After he whs

dar

ele

officer to “blame the parole board.”

The public did. But against the back- .
drop of statewide calls for reform, Berk
was already quietly workingonafix:an
algorithm that could spit out a predic- .
tion of how likely it is that a would-be
parolee will re-offend. Berk had begun

-set

delphia’s criminal-justice system in
2006, the year Philadelphia logged the
highest murder rate among major cit-
ies. At-the time, Philadeiphia’s Adult
Probation and Parole Departmernt had
295 officers supervising nearly 50,000
individuals. The department asked

would commit a serious crime within
two years. “Our vision was that ev-
ery single person, when they walked
through the door, would be scored by
a computer,” says Ellen Kurtz, the de-
partment’s director of research. The
‘department would then use the score—
low-, medium-, or high-risk—to decide
how intensively to supervise released
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offenders. Officers assigned to low-risk
individuals would handle up to 400
cases, and those monitoring high-risk
offenders would have about 50.
Drawing from criminal databases
dating to the 1960s, Berk initially mod-
eled the Philadelphia algorithm on more
than 100,000 old cases, relying on three
dozen predictors, including the perpe-
trator’s age, gender, neighborhood, and
number of prior-crimes. To develop an
algorithm that forecasts a particular
outcome—someone committing mur-
der, for example—Berk applied a sub-

-set of the data to “train” the computer

on which qualities are associated with
that outcome. “TIf I could use sun spots
or shoe size or the size of the wristband
on their wrist, I would,” Berk said. “If
I give the algorithm enough predic-
tors to get it started, it finds things that
you wouldn’t anticipate.” Philadel-
phia’s parole officers were surprised
to learn, for example, that the crime
for which an offender was sentenced—

whether it was murder or simple drug

~ possession—does not predict whether

MATTHEW WOODSON .

he or she will commit a violent erime

in the future. Far more predictive is’

the age at which he (yes, gender mat-
ters) committed his first crime, and the
amount of time between other offenses
and the latest one—the earlier the first
crime and the more recent the last, the
greater the chance for another offense.
Risk assessment in the justice sys-
tem isn’t new. In 1927, Ernest Bur-
gess, a sociologist at the University of

Chicago, drew on the records of 3,000
parolees in Illinois to estimate an indi-
vidual’s likelihood of recidivism. Today,

" -the LSI-R, a 54-question survey devel-

oped in Canada (the same one used by
the Pennsylvania parole board), and
COMPAS, a similar tool created by a
Michigan-based company, are the most
popular of hundreds of risk-assessment
instruments. But Berk’s methods may
represent a significant advance. “T use
tens of thousands of cases to build the
system, [as well as] asymmetric costs
of false positives and false negatives,
real tests of forecasting accuracy, the
discovery of new forecasting relation-
ships, and yes, machine learning,” he
said. How do the old methods stack up
against Berk’s? “It’s like comparing a
Ford Focus to a Ferrari” he told me,
Berk’s expertise is being sought at
nearly every stage of the criminal-justice
process. Maryland is running an algo-
rithimn like Philadelphia’s that predicts
who under supervision will kill—or be
kiiled. The state has asked Berk to de-
velop a similar algorithm for juveniles,
He is also mining data from the Occupa-
tionai Safety and Health Administration
to forecast which businesses nationwide
are most likely to be breaking osza rules.

Back in Philadelphia, he is introducing

statistics to the district attorney’s of-
fice, helping prosecutors decide which
charges to pursue and whether to ask
for bail. He may also work with the
Pennsylvania sentencing commission to
help determine whether and how long
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to incarcerate those convicted of crimes.
Is this a good thing? Berk’s algo-
rithms evaluate offenders not as in-

" dividuals, but as members of a group,

abgut whom certain statistical prob-
abilities exist. But most of us believe
that individuals should be punished for
what they do, not who they are. Con-
sider race. In Berk’s experience, 1o in-
stitution has used it as a predictor, but
it can enter the algorithm indirectly.

* Philadelphia, for example, factors in z1p

code, which often correlates with race.
Moreover, Philadelphia’s algorithm—
like most other risk-assessmenttools—
relies heavily on variables related to the
perpetrator’s criminal record. “When
you live in a world in which juveniles
are much more likely to be stopped—or,
if stopped, be arrested, or, if arrested, be
adjudicated—if they adre black, then all
of the indicators associated with prior
criminal history are going to be serv-
ing effectively as a proxy for race;” said
Bernard Harcourt, a law and political-
science professor at the University of
Chicago, who wrote Against Prediction:
Profiling, Policing, and Punishing in an
Actaarial Age: By using prior record
to predict dangerousness, he insisted,
“you just inscribe the racial discrimina-

" tion you have today into the future”

Ellen Kurtz has a ready response.
“The commission of crime is not ran-
domly or evenly distributed in our so-
ciety;” she told me. “If you wanted to
remove everything correlated with race,
you couldn’t use anything, That’s the re-
ality of life in America” Harcourt coun-
ters that actuarial prediction inserts
‘race into the analysis by over-sampling
from a high-offending population.
In September, the Supreme Court
appeared ready to take sides in the
debate. It issued a last-minute stay of
Duane Buck’s impending execution in
Texas, saying that it would consider
reviewing an appeal from his lawyers
objecting to an expert’s testimony
-about Buck’s future dangerousness.
Two months later, however, the Court
decided not to review the appeal and
lifted the stay, thereby allowing the
expert’s testimony to stand. What, pre-
cisely, did Buck’s lawyers say the expert
did wrong? He testified that blacks are
more likely to commit violence.

Nadya Labi {s a writer in New York.
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