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Introduction

• Our Team & Our Company

Motivation & Background

• Disparity in Criminal Sentencing

• Federal Sentencing Guidelines

• Legislation & Supreme Court Rulings

Analyzing Federal Sentencing Data

• Certainty: Information Theory & Entropy

• Fairness: Causality

Today’s Program

stefan.conrady@bayesia.us

40 min.

20 min.
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Your BayesiaLab Team Today

stefan.conrady@bayesia.us stacey.blodgett@bayesia.us clare.gora@bayesia.us
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Disambiguation

BayesiaLab.com

Our Company Our Product

The Paradigm
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Co-founded in 2001

by Dr. Lionel Jouffe &

Dr. Paul Munteanu

BayesiaLab.com



6BayesiaLab.com
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A Practical Introduction for Researchers

• Free download:

www.bayesia.com/book

• Hardcopy available on Amazon:

http://amzn.com/0996533303

Bayesian Networks & BayesiaLab

BayesiaLab.com

20,000
Downloads
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A desktop software for:

• encoding

• learning

• editing

• performing inference

• analyzing

• simulating

• optimizing

with Bayesian networks.
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Webinar Slides, Data, and Recording Available

stefan.conrady@bayesia.us
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• In this webinar, we focus exclusively on methodological 

questions and do not endeavor to arrive a substantive 

findings.

• While we work with real data, any effect size estimates are 

for illustration purposes only and should be considered 

fictional. 

Caveat
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Background & Motivation
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Motivation
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Too Much Discretion?

Too much discretion?
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Federal Sentencing Guidelines

• The Guidelines are the product of the 
United States Sentencing Commission, 
which was created by the Sentencing 
Reform Act of 1984. The Guidelines’ 
primary goal was to alleviate sentencing 
disparities that research had indicated 
were prevalent in the existing sentencing 
system, and the guidelines reform was 
specifically intended to provide for 
determinate sentencing.

Background
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Federal Sentencing Guidelines

Offense Seriousness 

 Base Level Offense

± Specific Offense Characteristics

± Adjustments

+ Criminal History

= Final Offense Level

 Sentence Range

BayesiaLab.com

Background
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Drug Trafficking

Background
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Federal Sentencing Guidelines

Biases, Disparities, and Discrimination
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Sentencing
Guidelines 

1987

Koon
1996

PROTECT 
Act

2003

Booker
2005

Gall
2007

Background

Judiciary
Discretion

Key
Events

Congress
& USSC

Supreme
Court Congress

Supreme
Court

Supreme
Court

Guidelines are 
“advisory”

not mandatory

Guidelines are 
“advisory”

not mandatory
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Booker Report

• The United States Sentencing Commission 
(“the Commission”) submits this report to 
Congress1 on the impact of United States v. 
Booker2 on federal sentencing in order to assist 
Congress in its efforts to ensure certain and 
fair sentencing that avoids unwarranted 
sentencing disparities while maintaining 
sufficient flexibility,3 as envisioned in the 
Sentencing Reform Act of 1984 (“SRA”).

Research Questions

certain
fair
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• How can we translate “certain” and “fair” into measurable quantities 

that can be estimated from data?

“Certain”

• We quantify uncertainty by calculating the entropy of the distributions of 

sentences.

“Fair”

• We consider “fair” as the absence of extra-legal causes in sentencing. 

Thus, we need to estimate the potential effects of extra-legal causes.

Research Questions
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Map of Analytic Modeling & Reasoning

BayesiaLab.com
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Certain?
Predictive Model

Observational Inference

Certain?
Predictive Model

Observational Inference

Fair?
Causal Model

Causal Inference

Fair?
Causal Model

Causal Inference
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Map of Analytic Modeling & Reasoning

BayesiaLab.com
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Certain?
Predictive Model

Observational Inference

Certain?
Predictive Model

Observational Inference
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• accap: Armed Career Criminal Status

• age: Age

• aggdum: Aggravated Role Adjustment

• booker2: Sentence vs. Guideline Range

• career: Career Offender Impact on Final Offense Level

• caroffap: Career Offender Status Applied

• circdist: Circuit District

• mitdum: Mitigating Role Application

• moncirc: Judicial Circuit

• monsex: Gender

• newcit: Citizenship

• newcnvtn: Plea or Trial

• neweduc: Education

• newrace: Race

• offtype2: Primary Offense Type (Drug Trafficking Only)

• period: Time Period (Koon/PROTECT/Booker/Gall Only)

• primary: Primary Drug Type

• quarter: Fiscal Year Quarter

• sa: Sentence vs. Guideline Range (Expanded)

• safevalve: Safety Valve Provision

• sentimp: Sentence Type

• totchpts: Criminal History Points Applied

• weapon: SOC Weapon Enhancement

• xcrhissr: Defendant's Final Criminal History Category (I-VI)

• glmin: Trumped Guideline Minimum

• fy: Fiscal Year

• usscidn: USSC ID

• sensplt0: Trumped Total Prison Sentence

• loss_2b: Dollar Amount of Loss

• gdl: Chapter Two Guideline

Study Dataset: USSC Booker Report

https://www.ussc.gov/sites/default/files/zip/BookerReport2012.zip

319,172
Observations
1996-2011

Federal 
Criminal 
Sentences
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Certain?
Predictive Model

Observational Inference

Certain?
Predictive Model

Observational Inference

What is Certainty?
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“Information is the 

resolution of uncertainty.”

Claude Shannon, 1948

Information Theory

Claude Shannon (1916-2001)
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Citizenship

0.00% Non-U.S.
100.00% U.S.

Entropy

0

Citizenship

50.00% Non-U.S.
50.00% U.S.

Entropy

1

Citizenship

29.70% Non-U.S.
70.30% U.S.

Entropy

0.8775815271

Entropy, a measure of “uncertainty” 

Information Theory

BayesiaLab.com

Marginal Entropy Maximum Entropy Minimum Entropy

H(X) =- p(x)# log2p(x)
xdX

/
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Race

25.61% White
28.92% Black
42.71% Hispanic
2.75% Other

Citizenship

29.70% Non-U.S.
70.30% U.S.

Entropy

0.8775815271

Race

100.00% White
0.00% Black
0.00% Hispanic
0.00% Other

Citizenship

7.54% Non-U.S.
92.46% U.S.

Entropy

0.3857532459

Race

0.00% White
100.00% Black
0.00% Hispanic
0.00% Other

Citizenship

6.82% Non-U.S.
93.18% U.S.

Entropy

0.3593382213

Race

0.00% White
0.00% Black

100.00% Hispanic
0.00% Other

Citizenship

58.74% Non-U.S.
41.26% U.S.

Entropy

0.9778430436

Race

0.00% White
0.00% Black
0.00% Hispanic

100.00% Other

Citizenship

25.60% Non-U.S.
74.40% U.S.

Entropy

0.8205739608

Conditional Entropy

Information Theory

BayesiaLab.com

H(Citizenship|Race)

H(Citizenship|Race)=0.6429H(Citizenship)=0.8776
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Mutual Information

Information Theory

BayesiaLab.com

0.8776
Marginal Entropy

0.6429
Conditional Entropy

0.2346
Mutual Information

I(Citizenship, Race)=H(Citizenship)-H(Citizenship|Race)

This is the amount of information 
Citizenship and Race have in common.

This is the amount of information 
Citizenship and Race have in common.

Mutual Information is a 
symmetrical metric.
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Departures from Guideline (booker2)

• What is the entropy over time?

Certain?

Sentence vs. Guideline Range

32.46% Government Sponsored
13.89% Below Range
53.22% Within Range
0.43% Above Departure
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Measuring Uncertainty as a Function of Time Period 

Certain?

Sentence vs. Guideline Range

28.55% Government Sponsored
16.53% Below Range
54.69% Within Range
0.23% Above Departure

H(booker2)

1.4415837557

Sentence vs. Guideline Range

33.44% Government Sponsored
6.59% Below Range

59.75% Within Range
0.21% Above Departure

H(booker2)

1.2499699276
(1.4415837557)

2002 2003
PROTECT Act

Lower Entropy
 Less Uncertainty
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BayesiaLab.com
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Booker Report

• The United States Sentencing Commission 
(“the Commission”) submits this report to 
Congress1 on the impact of United States v. 
Booker2 on federal sentencing in order to assist 
Congress in its efforts to ensure certain and 
fair sentencing that avoids unwarranted 
sentencing disparities while maintaining 
sufficient flexibility,3 as envisioned in the 
Sentencing Reform Act of 1984 (“SRA”).

Research Questions

certain
fair
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Certain?
Predictive Model

Observational Inference

Certain?
Predictive Model

Observational Inference

Fair?
Causal Model

Causal Inference

Fair?
Causal Model

Causal Inference
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Why is this a causal question?

Causality?

A possible
causal model

In the “true” causal 
model, this effect 
would have to be 
zero, otherwise there 
would be a bias in 
sentencing.

Race must not “cause” sentence!
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Causality?

Booker Report:

• 1430 pages

• 1 footnote on “causality”
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Booker Report

• “The principal benefit of multivariate regression 
analysis is that it controls for the effect of each 
factor in the analysis by comparing offenders who 
are similar to one another in relevant ways. For 
example, controlling for the presumptive sentence 
(guideline minimum) and offense type means that 
Black male offenders convicted of firearms offenses 
and who faced a guideline minimum of 46 months of 
imprisonment are compared to White male 
offenders convicted of firearms offenses who faced a 
guideline minimum of 46 months of imprisonment. 
By controlling for such factors and comparing 
similarly situated offenders to each other, 
multivariate regression analysis seeks to answer the 
question: if two offenders are similar in certain 
ways, what other factors might be associated with 
those two offenders receiving different sentences? In 
addition, multivariate regression analysis measures 
the extent of the difference in outcomes.”

Fair?
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Controlling?
Don’t say it, but now that we did 
all our controlling, we’ll act as 

if the effect were c@#$*l.
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“The prevailing attitude is that 
adding more covariates can cause no 
harm and can absolve one from 
thinking about causal relationships…”
Judea Pearl in Causality (2009)

Controlling?
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Hunza River
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Certain?
Predictive Model

Observational Inference

Certain?
Predictive Model

Observational Inference

Fair?
Causal Model

Causal Inference

Fair?
Causal Model

Causal Inference
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Causal Inference?Causal Inference?

ExperimentsExperiments

Expert-Defined 
Causal

Bayesian Network

Expert-Defined 
Causal

Bayesian Network

Graph SurgeryGraph Surgery

Likelihood 
Matching
Likelihood 
Matching

Machine-Learned
Bayesian Network
Machine-Learned
Bayesian Network

Disjunctive Cause 
Criterion

Likelihood 
Matching
Likelihood 
Matching

BayesiaLab.com

Causality?

Theory
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Encoding a Causal Model

• What causes the

Total Prison Sentence?

• Everything?

Model Development
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Encoding a Causal Model

• How do the variables cause 

each other?

• There are way too many 

assumption we would have to 

make!

Model Development
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Causal Inference?Causal Inference?

ExperimentsExperiments

Expert-Defined 
Causal

Bayesian Network

Expert-Defined 
Causal

Bayesian Network

Graph SurgeryGraph Surgery

Likelihood 
Matching
Likelihood 
Matching

Machine-Learned
Bayesian Network
Machine-Learned
Bayesian Network

Disjunctive Cause 
Criterion

Likelihood 
Matching
Likelihood 
Matching

BayesiaLab.com

Causality?

Theory
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Disjunctive Cause Criterion
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VanderWeele and Shpitser (2011)

• “We propose that control be made for any [pre-treatment] covariate
that is either a cause of treatment or of the outcome or both.”

Disjunctive Cause Criterion

Implementation in BayesiaLab:
Likelihood Matching on Confounders in 
Direct Effects Analysis  Causal Effect

Implementation in BayesiaLab:
Likelihood Matching on Confounders in 
Direct Effects Analysis  Causal Effect

IMPORTANT ASSUMPTION:

NO UNOBSERVED CONFOUNDERS

RaceRace SentenceSentence

“Confounder” in BayesiaLab“Confounder” in BayesiaLab
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo

Confounders or
Non-Confounders?

Confounders or
Non-Confounders?
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo
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Screenshot

BayesiaLab Demo
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Screenshot

Effects Analysis
Trumped Total Prison Sentence
Mean: 76.709 Dev: 76.644
Value: 76.709 

25.89% <=24
20.53% <=48
26.01% <=96
20.35% <=188
6.28% <=376
0.94% >376

Race

25.61% White
28.92% Black
42.71% Hispanic
2.75% Other

Trumped Total Prison Sentence
Mean: 65.360 Dev: 67.480
Value: 65.360 (-11.349) 

31.54% <=24
21.92% <=48
24.92% <=96
16.81% <=188
4.27% <=376
0.53% >376

Race

100.00% White
0.00% Black
0.00% Hispanic
0.00% Other

Trumped Total Prison Sentence
Mean: 107.791 Dev: 91.289
Value: 107.791 (+31.082) 

12.88% <=24
14.82% <=48
27.57% <=96
30.67% <=188
12.00% <=376
2.06% >376

Race

0.00% White
100.00% Black
0.00% Hispanic
0.00% Other

Trumped Total Prison Sentence
Mean: 63.281 Dev: 64.560
Value: 63.281 (-13.428) 

30.93% <=24
23.42% <=48
25.65% <=96
15.80% <=188
3.75% <=376
0.46% >376

Race

0.00% White
0.00% Black

100.00% Hispanic
0.00% Other

Trumped Total Prison Sentence
Mean: 64.133 Dev: 67.075
Value: 64.133 (-12.575) 

31.61% <=24
22.73% <=48
25.36% <=96
15.63% <=188
4.10% <=376
0.58% >376

Race

0.00% White
0.00% Black
0.00% Hispanic

100.00% Other

Trumped Total Prison Sentence
Mean: 76.709 Dev: 76.644
Value: 76.709 

25.89% <=24
20.53% <=48
26.01% <=96
20.35% <=188
6.28% <=376
0.94% >376

Race

25.61% White
28.92% Black
42.71% Hispanic
2.75% Other

Trumped Total Prison Sentence
Mean: 71.929 Dev: 73.269
Value: 71.929 (-4.780) 

27.63% <=24
21.98% <=48
25.51% <=96
18.73% <=188
5.33% <=376
0.82% >376

Race

100.00% White
0.00% Black
0.00% Hispanic
0.00% Other

Trumped Total Prison Sentence
Mean: 78.289 Dev: 78.273
Value: 78.289 (+1.581) 

24.47% <=24
21.98% <=48
25.27% <=96
20.62% <=188
6.62% <=376
1.06% >376

Race

0.00% White
100.00% Black
0.00% Hispanic
0.00% Other

Trumped Total Prison Sentence
Mean: 76.037 Dev: 75.037
Value: 76.037 (-0.672) 

24.72% <=24
21.00% <=48
27.48% <=96
20.08% <=188
5.78% <=376
0.93% >376

Race

0.00% White
0.00% Black

100.00% Hispanic
0.00% Other

Trumped Total Prison Sentence
Mean: 74.460 Dev: 76.075
Value: 74.460 (-2.249) 

27.44% <=24
20.90% <=48
25.48% <=96
19.21% <=188
6.04% <=376
0.93% >376

Race

0.00% White
0.00% Black
0.00% Hispanic

100.00% Other

IMPORTANT ASSUMPTION:

NO UNOBSERVED CONFOUNDERSObservational Inference

Causal Inference
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VR

In Conclusion…
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Webinars & Seminars:

• May 18 Webinar: Geographic Optimization Mapping with BayesiaLab

• June1 Webinar: Topic t.b.d.

• June 19 Seminar in Chicago: Knowledge Discovery in Financial Data

Register here: bayesia.com/events

Upcoming Events
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• May 16–18

Seattle, WA

• June 26–28

Boston, MA

• July 23–25

San Francisco, CA

• August 29–31

London, UK

• September 26–28

New Delhi, India

• October 29–31

Chicago, IL

• December 4–6

New York, NY

BayesiaLab Courses Around the World in 2018

Learn More & Register: bayesia.com/eventsLearn More & Register: bayesia.com/events

stefan.conrady@bayesia.us
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Try BayesiaLab Today!

• Download Demo Version:

www.bayesialab.com/trial-download

• Apply for Unrestricted Evaluation Version:

www.bayesialab.com/evaluation

BayesiaLab Trial

BayesiaLab.com



66BayesiaLab.com

User Forum: bayesia.com/community
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Chicago

6th Annual BayesiaLab Conference in Chicago
November 1–2, 2018
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Thank You!

BayesiaLab.com

stefan.conrady@bayesia.us

linkedin.com/in/stefanconrady facebook.com/bayesia

BayesianNetwork


