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Robberies
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Some basic facts:
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Are things getting better?

Robbery Rates in Southern ltaly
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What can we do?
The never-ending circle
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ENFORCEMENT:

CRIMINALS
Police and
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1. More prison §illhe to @ENT’EN@I Nfée@glers
2. More prison t##e to the ﬁBﬁfﬁQl&'C

offenders
3. More prison ti[?c?&%%he most able offerders
VOTERS
How can we identify the mo harmful

offenders? Very important at times of prison
overcrowding!!
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ldentification of harmfulness D R

i 2 “ We are going to “scan” criminals
v, \ using two types of data.

1. Prison data (Emily Owens)
[ b 2. Police Data (myself)

6/24/2013 Title



f R

Criminal Careers & Criminal Firms -

 Can economic insight help reduce crime?
— Do criminals look like homo economicus?
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Criminal Careers & Criminal Firms -

 Can economic insight help reduce crime?

— Are we assigning the right punishments the right
offenders?
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Criminal Careers & Criminal Firms -

e Part 1: Criminal Careers

e How does robbery fit into a criminal’s career
trajectory?

— Industry switching?
— Specialization with tenure?

Do judges assign longer sentences to those most
likely to re-offend?

— MC=MB?
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Criminal Careers compared to what? -

* Golan, Lane, and McEntarfers (2007)
* Of people working in period t-1
— 24% will switch industries in t
— 64% will stay in the same industry in t

— 12% will exit the labor force in t

— More industry persistence for older workers
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Criminal Careers: The Data

* Administrative records from two Milanese
Correctional Facilities in collaboration with the
Dipartimento di Amministrazione Penitenziaria
(Ministry of Justice) and Daniele Terlizzese (EIEF)

— Incarcerated in Bollate or Opera Prison between
2001 and 2012

— Incarcerated at least once for robbery
e Lifetime incarceration history
e 7,000 robbers, 30,000 incarcerations
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Convicted Criminals in Milan -

Variable Mean Std. Dev. Min. Max. N
Male 0.992 0.091 0 1 29662
Single 0.631 0.483 0 1 29662
In a relationship 0.239 0.426 0 1 29662
Separated or divorced 0.055 0.228 0 1 29662
Age 33.227 10.029 14 83 29662
Age at first incarceration 25.159 7.336 14 83 29662
Incarceration length (years) 1.421 2.337 0 37.37 24031
Total num! incarceratiot 376 ™3.68¢ =T * 25 29602
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The complicated relationship f R

between age and criminality
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Recidivates
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Criminal “drop out”
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kernel = epanechnikov, degree = 0, bandwidth = 2.21, pwidth = 3.31

Younger criminals = less “crimina
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Shift and expansion of the age
distribution
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Kernel density estimate

Density

0 20 40
Age at first, at any, and at last incarceration

kernel = epanechnikov, bandwidth = 1.8318
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Convicted Criminals in Milan

R

DB
Variable Mean Std. Dev. Min. Max. N
College degree 0.047 0.211 0 1 29662
Secondary schooling 0.439 0.496 0 1 29662
Primary schooling degree 0.23 0.421 0 1 29662
Schooling Unknown 0.257 0.437 0 1 29662
Employed 0.143 0.351 0 1 29662
Unemployed O3 0.384 0 1 29662
Employment unknown 0.642 0.479 0 1 29662
6/24/2013 Criminal Careers and Criminal Firms 14



When do people start their careers?
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Unemployed
4
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Unemployed
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Age at first incarceration

95% Cl Ipoly smooth
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Human capital and career length
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Is Crime Really Random?

f R

DB
Variable Mean Std. Dev. Min. Max. N
Homicide 0.051 0.22 0 1 29662
Assault 0.172 0.377 0 1 29662
Sex-related crime 0.016 0.126 0 1 29662
Thett 0.378 0.485 0 1 29662
Robbery 0.388 0.487 0 1 29662
Extortion 0.064 0.244 0 1 29662
Possession of stolen goods 0.172 0.377 0 1 29662
Drug-related crime 0.176 0.381 0 1 29662
Other crime 0.31 0.462 0 1 29662
Persistence across crimes 0.584 0.493 0 1 23350
The “Generalist” model
6/24/2013 Criminal Careers and Criminal Firms 17



Assault
Drug-related crime
Extortion
Homicide

Other crime
Possession of stolen
Robbery
Sex-related crime
Theft

Total

1st
144
(18.95)
396
(29.60)
H&
(21.32)
182
(14.42)
494
(26.08)
258
(22.85)
1,562
(25.19)
D
(11.90)
953
(28.78)
4,052
(25.00)

2nd
205
(26.97)
354
(26.46)
82
(30.15)
211
(16.72)
493
(26.03)
320
(28.34)
1,404
(22.64)
11
(26.19)
972
(29.36)
4,052
(25.00)

Experience quartiles

3rd
228
(30.00)
293
(21.90)
72
(26.47)
290
(22.98)
524
(27.67)
281
(24.89)
1,567
(25.27)
11
(26.19)
786
(23.74)
4,052
(25.00)

4th
183
(24.08)
295
(22.05)
60
(22.06)
579
(45.88)
383
(20.22)
270
(23.91)
1,668
(26.90)
15
(35.71)
600
(18.12)
4.053
(25.00)

Total
760
(100.00)
1,338
(100.00)
272
(100.00)
1,262
(100.00)
1.894
(100.00)
1,129
(100.00)
6.201
(100.00)
42
(100.00)
3,311
(100.00)
16.209
(100.00)
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How does a criminal career evolve?

DB

Variable Mean Std. Dev. Min. Max. N

Homicide 0.051 0.22 0 1 29662
Assault 0.172 0.377 0 1 29662
Sex-related crime 0.016 0.126 0 1 29662
Theft 0.378 0.485 0 1 29662
Robbery 0.388 0.487 0 1 29662
Extortion 0.064 0.244 0 1 29662
Possession of stolen goods 0.172 0.377 0 1 29662
Drug-related crime 0.176 0.381 0 1 29662
Other crime 0.31 0.462 0 1 29662
Persistence across crimes 0.584 0.493 0 1 23350

6/24/2013 Criminal Careers and Criminal Firms 19



How do criminals move between

industries’?

f R
D B

i\t —1
Robbery
Homicide
Assault

Sex related c.
Theft
Extortion

Poss. stolen g.

Drug rel. c.
Other c.

6/24/2013

Panel A: Below median experience (< 6 years)

Rob.

0.25
0.01
0.11
0.01
0.24
0.03
0.07
0.10
0.19

Hom.

0.26
0.12
0.08
0.00
0.17
0.06
0.03
0.07
0.21

Ass.
0.24
0.02
0.17
0.02
0.19
0.03
0.07
0.08
0.19

Criminal Careers and Criminal Firms

Sex.
0.25
0.00
0.13
0.15
0.15
0.06
0.03
0.06
0.18

The.
0.19
0.01
0.08
0.00
0.46
0.02
0.06
0.05
0.14

Ext.
0.22
0.01
0.11
0.01
0.17
0.16
0.08
0.08
0.16

Poss.

0.22
0.01
0.09
0.01
0.25
0.03
0.16
0.07
0.17

Dru.
0.18
0.01
0.08
0.00
0.18
0.02
0.05
0.29
0.19

Oth.
0.17
0.01
0.06
0.00
0.18
0.02
0.05
0.10
0.41

Steady state
0.20
0.01
0.09
0.01
0.27
0.03
0.07
0.10
0.22

20



Industry switching and experience -

Persistence across crimes

.55
|

Sectorial persistence Sectorial persistence for robberies
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Increasing Specialization
over time
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Crime is (relatively) persistent!

R
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PERCENTAGE OF ENTRANTS IN 1996—2000 RETURNING TO AN INDUSTRY IN WHICH

THEY HAD BEEN EMPLOYED WITHIN THE PREVIOUS FOUR YEARS

Major 2-digit  3-digit  4-digit

Demographic characteristics industry SIC SIC SIC Counts
Sex Age category in 1996 12 6 5 5 217,669
Female Young (18-25)

Middle age (26-55) 16 11 9 8 537,634

Older (over 53) 18 14 12 11 47,832
Male Young (18-25) 11 6 5 4 237,176

Middle age (26-55) 17 12 10 9 601,899

Older (over 35) 18 14 13 12 57,527
All 15 10 8 8 1,699,737

Golan, Lane, and McEntarfers (2007)

6/24/2013 Criminal Careers and Criminal Firms
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What can we do with this? -

* Criminal Careers as simply “Careers”
— Low skilled labor market
* Transitions with related crimes

— More Experience
—>More Specialized
—>More Active
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Are Judges setting MC=MB? -

e Future harm (MB) = Recidivism

* Are the factors that are associated with
recidivism also associated with longer
punishments?

— Outcome of 6,039 convictions
 What factors indicate a mid-career criminal?

* Do mid-career criminals get longer sentences than
people already at the end of their career?



MB:Who stays in crime?

(1)

Full sample

Age -0.020%**
(0.003)
Experience -0.005
(0.005)
Incarceration length (vears) -0.009
(0.011)
Total number of incarcerations  0.070™**
(0.005)

6/24/2013 Criminal Careers and Criminal Firms
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(1)

(2)

(3)

()

(5)

Homicide

Assault

Sex-related crime

Theft

Robbery

Extortion

Possession of stolen goods
Drug-related crime

Other crime

6/24/2013

Hazard rate of reincarceration

Incarceration quartiles

Full sample I (1-2) IT (3-4)  TIIT (5-7) IV (8+)
-0.004 -0.273 -0.064 0.343 0.185
(0.112) (0.193)  (0.221)  (0.284)  (0.355)

-0.121%* -0.176* 0.096 -(.293%* -0.129
(0.051) (0.095)  (0.097)  (0.107)  (0.107)
-0.389%* -0.296 -0.318 -1.126%* 0.314
(0.192) (0.335)  (0.273)  (0.480)  (0.525)
0.107** 0.157* 0.179%%  (.2877** -0.000
(0.047) (0.090)  (0.088)  (0.095)  (0.101)

-0.512%%* -0.917%FF  .0.347FFF  -(.243%FFF (0. 199%*
(0.040) (0.076)  (0.072)  (0.085)  (0.088)
-0.036 0.073 -0.059 0.137 0.003
(0.079) (0.148)  (0.159)  (0.187)  (0.177)
0.040 0.142 0.165%* -0.193** 0.038
(0.044) (0.091)  (0.090)  (0.090)  (0.098)
-0.101* -0.025 -0.069 -0.168 -0.197
(0.054) (0.102)  (0.107)  (0.112)  (0.131)
-0.046 -0.062 0.068 0.093 -0.108
(0.057) (0.113)  (0.115)  (0.117)  (0.125)
Criminal Careers and Criminal Firms 26



(1)

(2)

(3)

Lagged re-incarceration time (years)

Age

Experience

Incarceration length (vears)
Total number of incarcerations

Persistence across crimes

6/24/2013

Hazard rate of reincarceration
Incarcerations

Full sample below 5 above 5
-0.1127*= -0.035 -0.2027%
(0.022) (0.029) (0.038)
-0.013%** -0.011%*  -0.018%**
(0.003) (0.004) (0.005)
-0.006 -0.0247%* -0.009
(0.006) (0.009) (0.010)
-0.2117%* -0.1307%*  -0.3447FF
(0.027) (0.038) (0.041)
0.0577** 0.180***  (.039***
(0.006) (0.030) (0.008)
0.047 0.050 0.037
(0.041) (0.056) (0.060)

27
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(1)

(2)

(3)

Homicide

Assault

Sex-related crime

Theft

Robbery

Extortion
Possession of stolen
Drug-related crime

Other crime

6/24/2013

Hazard rate of reincarceration
Incarcerations

Full sample below 5 above 5
0.039 0.018 0.026
(0.198) (0.223)  (0.390)
-0.2147%%* -0.194%*  -0.225%*
(0.066) (0.084)  (0.100)
-0.152 0.051 -0.655
(0.227) (0.225) (0.456)
0.021 -0.032 0.177*
(0.061) (0.080) (0.094)
-0.269*** -(0.322%%* -0.119
(0.051) (0.067)  (0.077)
0.012 0.039 0.121
(0.123) (0.147)  (0.203)
200ds 0.102* 0.059 0.130
(0.056) (0.077 (0.079)
-0.036 -0.146 0.174*
(0.068) (0.095) (0.093)
-0.035 -0.105 0.141
(0.072) (0.098)  (0.108)
Criminal Careers and Criminal Firms 28



Are judges setting MC=MB?

f R
D B

(1) (2)

Log-Incarceration length

Multi-recidivist

Multi-recidivist x post 12/2005

-0.063***
(0.020)
Experience 0.060%**
(0.006)
Total number of incarcerations -0.011*%* -0.055%*%*

(0.006) (0.007)

TN

Lagged reincarceration time (years)

6/24/2013 Criminal Careers and Criminal Firms
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Are judges setting MC=MB?

f R

D B

6/24/2013

Homicide

Assault

Sex-related crime

Theftt
Robbery

Extortion

Possession of stolen goods
Drug-related crime

Other crime

(1)

Log-Incarceration length

(2)

0.408%**
(0.072)
0.245%+*
(0.036)
0.641%F*
(0.113)
0.301
(0.035)
0.959%**
(0.032)
0.281%+*
(0.053)
0.436%+*
(0.034)
0.575%**
(0.039)
-0.068
(0.049)

Criminal Careers and Criminal Firms

0.480***
(0.181)
0.343%**
(0.055)
0.754%**
(0.181)
0.649%**
(0.051)
0.911%***
(0.045)
(.398***
(0.090)
0.503%**
(0.052)
0.704***
(0.060)
0.106
(0.071)
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How can we measure “potential” social { R
harm? DB

In case of robberies its relatively easy (disregarding the risk
of casualties):

MORE LOOT & LESS RISK OF ARREST = MORE SOCIAL HARM

Nt Great

St. Loui SBank crime lives!

¢Take The Money And Run

RO b be I'y PRISON riumphant?
n

Steve McQuee
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How to weigh loot and risk DB

E(U) = U(LOOT) * P(SUCCESS} +€(]AIL) * P(CONVICTION}> 0

Expected Benefit > Expected Cost
P(SUCCESS)
—UVAIL) < 5econvierion * V00T

D = Disutility of Jail = —U(JAIL) = \opportum'zy cost of ja@

Jail = no earnings

6/24/2013 Criminal Careers and Criminal Firms 32



DATA: Predictive Policing (KEY CRIME) ! E

* Developed by the Milan police department in 2008
el kI- i ik i ° . i . E- EOE

STATISTICHE sugli eventi:
Giorni della settirnana:

|1

"D LMMe GW S

# EVENTO non collegato

LEGENDA serialita eventi

£ SERIALITA PROVA

Fasce orarie:

0 8 13 18 21 24

Obiettivi colpiti:

ottico
farmacia

Ly 0 2009 - 1000
A Via Uberti Grinlio, 1
™ Rapina FARNACIA (aut 1)

- i % 0 il - Sl E I (1511738,25067 - 5038486,12932 )
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Table 3.1: Summary statistics

Variable Mean Std. Dev. Min. Max. N
Number of robbers 1.57 0.716 1 7 2,165
Cleared robbery 0.139 0.346 0 1 2,165
Police 0/1 0.732 0.443 0 1 2.165
Amount stolen in euros 1,630 5,494 0 103,000 2.165
Loot with some value 0.808 0.394 0 1 2,165
Age of robber 1 31.43 8.231 16 68 1,936
Age of robber 2 29.256 7.709 16 65 735
Age of robber 3 30.274 10.297 16 %) 84
Age of robber 4 29.786 10.431 18 50 14
Age of robber 5 33.167 16.29 18 60 6
Age of robber 6 32 12.728 23 41 2
Average age 26.572 12.471 0 68 2165
Range in age 1.221 3.99 0 43 2165
Robber 1 is armed 0.438 0.496 0 1 2,165
Robber 2 1s armed 0.091 0.287 0 1 992
Robber 3 1s armed 0.05 0.219 0 1 160
Robber 4 is armed 0.029 0.169 0 1 35
Robber 5 i1s armed 0 0 0 0 9
Robber 6 1s armed 0 0 0 0 2
Female robber 1 0.003 0.057 0 1 2,164
Female robber 2 0.017 0.13 0 1 991
Female robber 3 0.025 0.157 0 1 159
Female robber 4 0.029 0.169 0 1 35
Female robber 5 0 0 0 0 9
Female robber 6 0 0 0 0 2

34
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Estimation of D

DB

Expected LOOT = Yo = Y(xip, i)
Expected RISK = Dir = p(Xie, U;)

e havey an estimate of D!

."ﬁl-'Jﬁ 20e-05
1

2.5

xt:
port

ich group of robbe,r;.a hav highest
y cost of ending ( up in

5 'Ji-':lE

Ooem
1I:lr:—ﬂ£ %35 3

a
1

\a
L

1ndooa 150000
Foregone Eamings Foregone Eamings wim Flxed EMecs

Figure 3.3: Foregone Earnings Without (left) and With (right) Firm Fixed Effects

Notes: The histogram and the kernel densities are based on estimates of Eq. 3.1. The firm fixed effects
are based on the haul model in levels.
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Targets M
Table 3.4: Productivity by Target ]W D B

Average Loot Clearance Rate Expected Loot &9/ Planning time

Mean Std. Dev. Mean Std. Dev. (days) Freq.
Bank 6.924 12,671 0.249 0.433 5,201 20,390 30.2 237
Betting Agency 3.334 3,645 0.100 0.303 3,001 30,006 15.8 a0
Cellphone Store 300 553 0.133 0.352 260 1,949 2.4 15
Clothing Store 520 910 0.143 0.354 445 3,117 15.5 49
Coffee Shop 1.453 2,761 0.074 0.263 1,346 15,306 16.3 68
Drugstore 648 oG8 0.038 0.196 623 16,203 35.4 26
Gas Station 2,199 3,353 0.032 0.180 2,128 65,956 15.1 31
Jewellery 3,756 12,157 0.208 0.415 2,974 14,273 38.5 24
Newspaper Stand 1,081 3,013 0.085 0.282 959 11,624 258 47
Other Business 1,223 4,401 0.193 0.396 956 5,098 21.6 305
Pharmacy 559 1,498 0.123 0.329 490 3,978 11.4 763
Phone Center 2,113 4,645 0.042 0.204 2,025 48,589 8.6 24
Postal Office 3.748 10,136 0.130 0.344 3,259 24 934 18.6 23
Restaurant D38 1,003 0.152 0.392 440 2,423 299 33
Supermarket 955 3.009 0.112 0.316 848 7,563 21.3 348
Tobacco Shop 1,203 1,474 0.085 0.281 1,101 12,992 7.1 59
Video Rental 163 94 0.065 0.248 152 2,358 6.8 62

Overall 1,631 5,496 0.139 0.346 1,405 10,135 16.8 2164




Size of the group and D (VoP)

f R

DB
Table 3.3: Productivity by Firm Size
Average Loot Clearance Rate Expected Loot VoP

Number of Robbers Mean Std. Dev. Mean Std. Dev. Freq.

1 1264 4077 0.164 0.371 1,056 6,422 1.149

2 1843 6448 0.102 0.303 1,654 16,162 850

5 3408 8504 0.133 0.341 3,033 22 838 128
@ 2188 h741 0.107 0.315 1,954 18,224 28

5 281 305 0.429 0.535 161 375 7

6 25 35 0.500 0.707 13 25 2

T 0 () 0 - 1

Total 31 5494 0.13857  0.34558 1,405 10,137 2,165

Notes: VoP stands for value of prodi

on, and is equal to E(Y)(1 — p)/p.



Nationalities

f

M D

R
DB

Table 3.¢

Clearance Rs
ns Some lta

Same nationality

Value of Production

No Italians Some Italians Total

<::E£EE§::> 19208 | |20,504

Same nationality 0.116
0.321 - L
= 142 551 [i} 603
Different nationality 0.135
= . . 0.3432 e B 5 -
Different nationality %60 17,513 8,450 9,158
Total 0.1 22
o221 30 260 209
Total 27 586 15,365 16,559
181 511 0932

tal

304
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f R
Weapons DB

Table 3.6: Productivity of Firms by Types of Weapons Used

Average Loot Clearance Rate Expected Loot ’alue of Production

Tyvpe of Weapon Mean Std. Dev. Mean Std. Dev. Freq.
Firearm 2222 6,800 0.110 0.313 1,977 17,977 891
Knife 983 3,882 0.093 0.291 892 9,593 538
Makeshift (Improper) 1807 5,708 0.173 0.379 1,494 8,630 387
None 1355 3,827 0.179 0.385 1,113 6,233 84

Alleged 857 2,279 0.135 (0.343 741 5,508 104
N.A. 743 2,515 0.299 0.459 520 1,738 161
Total 1631 5,494 0.137 (0.344 1,407 10,278 2,165

Average Loot Clearance Rate Expected Loot VoP

Joint holdings: Mean Std. Dev. Mean Std. Dev. Freq.
At least one firearm 2631 7873 0.109 0.312 2.345 21.537 496
At least one knife, but no firearm 1225 5900 0.070 0.255 1.140 16.364 201
None 1989 5158 0.143 0.354 1,704 11,931 42

Other combinations 1598 4971 0.122 0.328 1,403 11.486 303
Total 2045 6726 0.107 0.309 1,827 17,150 1042
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Casual effects or ability? t R
DB

e Until now we have just described some differences in D.

* This does not mean that using a gun causes an increase
in the “value of production” D.

* Groups of more professional robbers may have
unobserved abilities that might be associated with higher
D and the use of guns.

* Next, we'll exploit differences over time in the use of
weapons, and more generally modus operandi.

* |n other words, can become?
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Disutility of Jail/Value of Productiont R

with and without fixed effects (4; = 0)

D B

Expected LOOT = Yie/)Y = x;efY + y;

_ _exp(xieBP+au)
1-exp (x;e P +au)

Expected RISK = Dit

* with this specification the value of production is

Y (xieBY + i)

D =
“ exp(xy BP + apy)

* and the percentage change in disutility as we change a
characteristic x (e.g. guns, knifes,...) is

6logD

= B7-pP
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Intuition: Y and p as functions of t R

DB
Binier+K

C+ woopr T

UN PxNIF IFE

+ STEVE FE
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A = marginal changes in D

f R

D B

Marginal effects without fixed effects

Marginal effects with fixed effects

Targeted victims
Bank
Pharmacy
Supermarket

Weapons and Size
Firearm

Cutting weapon
Makeshift

Alleged weapon
Number of robbers

Individual characteristics
With different nationalities
With Italians

Average age

Age range

Unknown age

Firm fixed effect

Policing variables
Western area
North-eastern area
Morning

Afternoon

Evening

3

3.30
-0.32
-0.41

0.93
0.29
0.15
0.05
0.06

-0.79
-0.21
0.01
0.10
0.70

0.01
0.07
0.29
0.47
0.40

3P

-1.13
-1.33
-0.70
-0.96

-0.57

0.09
-0.06
-0.01

0.12
-0.02

A

2.63
-0.41
-0.49

207
1.61
(.85
1.01
0.62

-0.88
-0.14
0.02
-0.02
0.72

0.31
0.41
0.60
0.80
0.88

SD

0.71
0.23
0.30

0.30
0.28
0.30
0.41
0.21

0.34
0.26
0.01
0.09
0.63

0.21
0.29
0.47
0.40
0.45

t-stat

3.70
-1.75
-1.62

6.83
5.70
2.84
247
2.91

-2.57
-0.55
1.48
-0.24
1.13

1.47
1.43
1.30
2.03
1.97

ar

3.78
-0.31
-0.26

1.37
0.69
0.42
0.47
-0.54

-0.62
0.10

g

(.60
0.10
0.07

-1.19
-1.38
-0.73
-0.99
-0.49

0.08
0,08
W_0.01

A

3.18
-0.40
-0.33

2.55
2.07
1.15
1.46
-0.04

-0.70
0.18
0.03

-0.18
0.56
1.10

0.03
0.01
0.07
0.77
0.88

sD

f-stat

2.10
-1.15
-0.91

411
4.28
2.61
2.57
-0.11

-2.04
0.61
0.99
-1.83
0.80
18.23

0.10
0.02
0.16
1.77
1.94




How does this compare to F
the sentence
enhancements?

i

) B

* “Firearms” receive 38
percent stiffer sentences
but are 200 percent more
productive.

e Knifes 0.19 versus 1.60.

e Number of robbers 0.08
versus 0.60.

e Recidivism=0... but since
then there was a reform

e Scope for more “targeted”
sentencing.

Table 3.14: Determinants of Log-

Sentences
(1) (2)
Log-Sentence Length
Firearms (), JR*** (). 37#*
(0.120) (0.136)
Cutting Weapons (.14 (0.19%*
(0.091) (0.092)
Masked -0.00 -0.02
(0.070) (0.066)
Group robbery 0.08 0.08
(0.075) (0.070)
Number of robberies (.04*** 0.04***
(0.010) (0.012)
Recidivist -U.01 -L0a
(0.090) (0.084)
Hostages -0.07
(0.117)
Total haul -0.00
(0.000)
Plea bargain -0.30%=*
(0.084)
Year (.00 0.01
(0.005) (0.005)
Ubservations 94 94
R-squared 0.305 0.410
44
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Conclusions f R
DB

e Micro-level data on criminal behavior allow us to
highlight the most “productive” and thus socially
harmful offenders.

* Optimal sentencing should be even more targeted
towards the most productive offenders (on top of
generating deterrence and additionally reducing the
social cost).

* Hopefully the studies highlighted that the
cooperation between academia and policy makers
can be beneficial for all parties involved.
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f R
DB

THE END
THANK YOU

Title
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