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since 2012
10,000 students accused of fraud

6,000 objection
1,500 lawsuits, 25% students win

N = 367, almost all from a migrant background
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honest machine learning with study data

honesty and data
what is fair 

what are study 
dates

what are sensitive data

1

bias

what is bias
how to calculate 

bias

2

detection and mitigation
how to discover bias 
how to visualize bias

choices to counter bias

3
general concerns
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The State of The Hague
A statistical study of equity of 
opportunity at The Hague 
University of Applied Sciences

Three sub-studies
1. Equal opportunities in inflow
2. Equal opportunities in study progress and 

study success (progression and 
graduation)

3. Equal opportunities on the job market or in 
further study

Learning Technology & Analytics lectureship, 
Dr. Theo Bakker
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honest machine learning with study data
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Illustration: Medium.com
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Illustration: Hans Traxler, 1976
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Illustration: Allegiance, April 10, 2019, studio vonq



Honest machine learning with study data, T. Bakker, The HHs, 
OWD23,

honest machine learning with study data
inclusion + diversity + equal opportunity

on education (entry) + a diploma (advancement) + a suitable job
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honest machine learning with study data
enrollments + outcomes + online behavior study 

success + programs + curricula + education quality
student success + student well-being 

background characteristics + age + gender + prior education 
previous results + origin + socioeconomic status
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Explain prediction models and 
detect bias with sensitive data



law-
2018_en.pdf
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Explain prediction models and 
detect bias with sensitive data

special personal data
AVG

sensitive data Handbook 
on European non-
discrimination law

• racial or ethnic origin
• political views
• religious or philosophical beliefs
• union membership
• health
• sexual behavior or sexual orientation
• genetic data
• biometric data (intended for the unique 

identification of a person)

• gender
• gender identity
• sexual orientation
• disability
• age
• race, ethnicity, color and belonging to a 

national minority
• faith or creed
• social origin, birth and ownership
• language
• political about other beliefs
• status other (collection of 

characteristics)
https://www.autoriteitpersoonsgegevens.nl https://fra.europa.eu/sites/default/files/fra_uploads/fra-2018-handbook-non-discrimination-
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-race or ethnicity
-political views
-religious or philosophical beliefs
-membership of a union

- health
-sexual behavior or sexual orientation
-genetic data
-biometric data (intended for the unique 
identification of a person)

https://www.autoriteitpersoonsgegevens.nl

- gender
- gender identity

-sexual orientation
- disability
- age
-race , ethnicity, color and belonging to a 

national minority
-faith or creed
-social origin, birth and ownership

- language
-politics over other beliefs
-status other (collection of 
characteristics)
https://fra.europa.eu/sites/default/files/fra_uploads/fra-2018-handbook-non-discrimination- 
law-2018_en.pdf

special personal data
AVG

sensitive data Handbook 
on European non-
discrimination law

do not identifydo not discriminate
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applicatio
n 
deadline

woma
n

man

age age

application date

"no fairness without awareness"
application date

applicatio
n 
deadline

K-nearest neighbor 
clustering

erro
r

erro
r

erro
r
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is this selection process fair?

Image: https://princetonreview.com

registration

120 woman
50 men

selective care program max. 
126 students

previous grades, experience in 
healthcare, cover letter and interview

selection

96 woman
30 men
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Is this selection process fair - 4/5 criterion*

woma
n 
96/120
80%

4/5 line

64%

male 
30/50
60%

4%
too 
little

registration

120 woman
50 men

selection

96 woman
30 men

* Code of Federal Regulations. 
Section 4d, uniform guidelines on 

employee selection procedures 
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(1978).
= statistical parity
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will a student pass 
or fail the first year 
of study?

actual outcome

confusion matrix
predicted outcome

error and well a problem for 
the student >
mistakenly received a negative BSA
Type II Fault

Type I Error

admittedly wrong, but not a problem
for the student > 

boasts a positive BSA

note! if you ask the 
question in reverse (on 
failure), then the matrix 
is exactly the other way 
around....

Positive Negative

Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)
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will a student pass 
or fail the first year 
of study?

actual outcome

criteria to detect bias
confusion matrix

predicted outcome

100

100

100 100 50% accuracy

a poor prognosis: 50% correctly predicted

200 Positive Negative

Positive 50 50

Negative 50 50
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will a student pass 
or fail the first year 
of study?

actual outcome

confusion matrix
predicted outcome

200 Positive Negative

Positive 80 20

Negative 20 80

100 100

100

100

80% accuracy

a good prognosis: 80% was correctly 
predicted but was it also a fair prognosis?
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goes a student
Pass or fail the first 
year of study?

confusion matrix and gender
predicted outcome predicted outcome

100

100

100

100

100 100 70% 100 100 90%

good prognosis but not fair prognosis men are 
disadvantaged compared to women

ac
tu

al
 o

ut
co

m
e

100 Positive Negative

Positive 35 15

Negative 15 35

100 Positive Negative

Positive 45 5

Negative 5 45
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will a student pass 
or fail the first year 
of study?

actual outcome

precision and sensitivity
predicted outcome

40

40

as few students as 
possible who drop out 
unfairly

30 / 40
= 75% sensitivity

As few 
students as possible 

who are unfairly

continue 50 50

30 / 50
= 60% precision

TP FN

FP TN

100 Positive Negative

Positive 30 10

Negative 20 40
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70% accuracy



criteria to detect bias
criteria in group fairness & 

classification
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independence
independence

an outcome is independent 
of a sensitive characteristic

after the first year of study

there are as many positive as 
negative results per group

equal outcomes

separation
separation - equality of errors

each group is equally likely to 
make as few mistakes as 

possible

If an algorithm predicts "this 
student is likely to make the

pass first year'

there are the same number of 
errors per group

as few students as possible 
who move on unfairly

sufficiency
sufficiency - calibration

each group has an equal chance 
of being found

If an algorithm predicts "this 
student is likely to make the

pass first year'

is this as often right per group

as few students as possible 
who drop out unfairly
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criteria in group fairness & 

classification
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social interest of the educational institution interest of the individual student 
interest
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criteria in group fairness & 
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independence
independence

separation
separation - equality of errors

sufficiency
sufficiency - calibration

it is not possible to meet all three criteria at the same time bias balancing 
is crucial = parity
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Explain prediction models and 
detect bias with sensitive data
algorithms/prediction models + predict/explain 

linear regression + random forest + gbm 
(R)MSE + confusion matrix + ROC + AUC
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iSee https://drwhy.a

model explainer expla
natio
n
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See https://betaandbit.github.io/RML/
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measuring - possibly more data 
bias detection
visualization 
benchmarking 
mitigation

Wiśniewski, J., & Biecek, P. (2021). fairmodels: A Flexible Tool For Bias Detection, Visualization, And Mitigation. arXiv. doi: 10.48550/arxiv.2104.00507

explainermodel
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model: bias at a negative BSA linear 
regression + random forest + gbm (R)MSE 
+ confusion matrix + ROC + AUC

Based on the simulation dataset of the acceleration plan

1. read in
• dataset: freshman, principal enrollment, full-time, positive/negative bsa
• variables: bsa, gender, age, foreign degree, affiliation, application date
• missing values removed

2. explainer for random forest
• gender (female), foreign degree (yes), affiliation (immediately after degree)

3. detection bias
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gender
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gender abroad connection
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model: bias in the case of a negative bsa
linear regression + classification & regression trees + random forest 

(R)MSE + confusion matrix + ROC + AUC
Based on the simulation dataset of the acceleration plan

4. apply multiple models
• add models in modified form (fewer variables)
• Other types of models (linear regression, general boosted model)

5. choose the best model
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the ranger 2 model has the best cards 
especially on the false positive rate (FPR = precision)
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performance per modelperformance per metricbenchmark per metric

Through a number of benchmarks this can be further substantiated
there is a slightly lower accuracy, but the model is fairer to premaster students
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Explain prediction models and 
detect bias with sensitive data

pitfalls & conundrums
after balancing for 1 attribute, you must retest other attributes models must first 

satisfy specific assumptions
what is a proper balance is sometimes a political choice

balance in practice may mean unequal treatment to achieve equal 
outcomes
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Creative commons license
Attribution-NonCommercial-ShareAlike 4.0 International (CC BY-NC-SA 4.0)

You are free to:

• share the work - copy, distribute 
and transmit through any medium or 
file format

• edit the work - remix, alter and 
create derivative works

The licensor cannot revoke this 
permission as long as the license 
conditions are met.

Under the following conditions:

• Attribution - Users must credit the creator of the work, 
provide a link to the license, and indicate whether the work 
has been altered. You may do so in a reasonable way, but not 
in such a way as to give the impression that the licensor 
agrees with your work or your use of the work .

• NonCommercial - You may not use the work for 
commercial purposes.

• EqualShare - If you have remixed, altered, or built upon the 
work, you must distribute the altered material under the same 
license as the original work.

• No additional restrictions - You may not apply legal 
conditions or technological provisions that legally restrict 
others from doing anything the license allows.
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