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I. Introduction
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Algorithms

Established applications
Search ranking, credit rating, ad targeting, etc.

Emerging applications
News feed filtering (e.g. on Facebook), dynamic pricing, crime 
prediction models, HR management, medical diagnosis tools, 
autonomous vehicles, autonomous weapons.
New applications
Wide-scale financial systems, data protection, decentralized artificial 
organizations (DAO), resources allocation models in the private sector 
or even the government, and so on...
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Artificial intelligence
• Natural language processing (“Ok Google…”)

• Facial recognition

• Medical images processing (x-rays, scan, etc.)

• Robot journalists (Miller 2015; Reynolds 2015)

• Artistic creation: music, images, movie scripts

• Game playing: Go (2015-2017)

Recent or emerging domains of applications :

• Transport

• Clerk work in finance, law or other professions

• Predictive justice and crime prediction
(Reading, Penn.: PredPol, NYC: CompStat)

• Aid to medical diagnoses (e.g. image processing)
Detection/prediction of health conditions

• Detection prediction of sex orientation,
honesty, etc.

• Military applications

Artificial intelligence, Machine learning and Neural networks
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more 
realistically…

‘Classical’ AI
Existing and explicit knowledge is 

coded or embedded in AI systems.

Two paradigms

Warning! We should be wary of any simple binary distinction. The notion of learning have been around for a 
long time (since the beginnings of AI in the 50’s, see D. Cardon and A. Plasek work) and ’classical’ AI also 
involves pattern recognition and adaption to user choices.
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‘New’ AI
AI systems ‘learn’ by finding patterns 

in data with the help of structured 
feedback from humans.
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The Social Impacts of AI
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4/11/2017 The Dark Secret at the Heart of AI - MIT Technology Review

https://www.technologyreview.com/s/604087/the-dark-secret-at-the-heart-of-ai/ 1/24
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Autonomous vehicles (AV)

Imagine your Aunt Ida is in an autonomous vehicle (AV) — a self-driving car — on a 
city street closed to human-driven vehicles. Imagine a swarm of puppies drops from 
an overpass, a sinkhole opens up beneath a bus full of mathematical geniuses, or 
Beethoven (or Tupac) jumps into the street from the left as Mozart (or Biggie) jumps 
in from the right. Whatever the dilemma, imagine that the least worst option for 
the network of AVs is to drive the car containing your Aunt Ida into a concrete 
abutment. Even if the system made the right choice — all other options would have 
resulted in more deaths — you’d probably want an explanation.
David Weinberger in “Optimization over Explanation: Maximizing the benefits of machine learning 
without sacrificing its intelligence”
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Kyle Behm Case (O’Neil 2016)
• Former student at Vanderbilt University

High-achieving profile, high SAT score, etc.
• Suffers from bipolar disorder
• One-year break to get a treatment
• 1½ year later, resumes studies and applies for a job
• Application for part-time minimum-wage job at

Kroger (supermarket)
Application is ‘RED-LIGHED’!
• Personality test similar to the “Five Factor Model”

Employee selection program
Kronos, workforce management company
• Many other applications are rejected
• Kyle’s father, Roland Behm, an attorney, files a class-action suit 17

Crime prediction models
• LSI–R (Level of Service Inventory–Revised)

Lengthy questionnaire: circumstances of a criminal’s birth and 
upbringing, including his or her family, neighborhood, and friends.
Correlations with past-crime data
Prediction on risk of recidivism
Scores are used for anti-recidivism programs and even sentencing!
• Location-based crime prediction software

E.g. PredPol (used in Reading, Pennsylvania), CompStat (NYC), 
HunchLab (Philadelphia), etc.
• Sensitivity to one type of crime (violent crime) based on past data
• Feedback loop: this data is then feed back to the model. 18

Claims for more algorithmic accountability
• AI Now Report:

Algorithmic Impact Assessments: A Practical Framework For Public Agency Accountability
(Dillon Reisman, Jason Schultz, Kate Crawford and Meredith Whittaker 2018, 3)
“public agencies urgently need a practical framework to assess automated decision systems and to 
ensure public accountability.”

• Survey of the European Union’s AI ecosystem (Charlotte Stix 2019, 14, 15, 16)
Various governmental entities, including the European Commission, want to ensure they will respects 
“ethical principles such as accountability and transparency” when developing and applying new AI 
technologies.

• The “Fairness, Accountability, and Transparency” (FAT) movement/principles
(Diakopoulos et al. n.d.; Diakopoulos and Friedler 2016)
Recognition that ML raises novel challenges for ensuring non-discrimination, due process, and 
understandability in decision-making.

• The Black Box Society: The Secret Algorithms That Control Money and Information (Pasquale 2016)
We now leave in a “Black Box Society” wherein secret algorithms control money and information. We 
need to hold business and government to high standards and complement their scrutiny with new 
forms of accountability (see also Martin 2018).

19

ALGORITHMIC IMPACT ASSESSMENTS: 
A PRACTICAL FRAMEWORK FOR PUBLIC AGENCY 
ACCOUNTABILITY

Dillon Reisman, Jason Schultz, Kate Crawford, Meredith Whittaker
APRIL 2018
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II. Algorithmic Accountability
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What is an algorithm?
An algorithm is a set of rules to be followed in order to perform a task or some forms of 
problem-solving operations. Algorithms may incorporate logical conditions, functions, flow 
control instructions, randomization processes, various inputs, outputs, and so on.

Robin Hill (2016, 58) non formal definition of an algorithm: an algorithm is a finite, 
abstract, effective, compound, control structure, imperatively given, accomplishing a given 
purpose under given provisions.

• Task (sorting) v. algorithm (insertion sort, selection sort or bitmap sort) 

• Algorithms are not always executed by computer systems.
E.g. Euclidean Algorithm for computing the greatest
common divisor, or cryptographic algorithms, etc.

• Typically, an algorithm is not a computer program,
although the dividing lines are not always
clear.
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AccountabilityAccountability, strictly speaking, is the state of being accountable. An 
individual or group of individuals A is accountable if and only if:

(1) It is held to account:
It is expected to provide an explication or a justification;

(2) About X:
An idea, a view, a behavior, an action, a practice, a policy,
an outcome, etc.;

(3) To P:
Another individual, group of individuals, organization, etc.;

(4) And can be sanctioned.

In short: there is accountability when A is held to account for X to P, and 
can be sanctioned.
• Individuals responsible for torture called to account for their actions
• Expectation that publicly traded corporations will disclose information 

about the compensation of their CEO. #22

Ref.: Day and Klein 
(1987), Jones 
(1992), Behn (2001); 
Mulgan (2000), 
Bovens (2004), and 
Dowdle (2006), 
among others.

Examples of mechanisms of accountability
• Election
• Independent review process
• Ombudsman
• Internal supervisory procedures (Qiu & MacNaughton 2017)
• Professionalization or professional order
• Meetings and/or extraordinary meetings

E.g. Annual shareholder meetings in the corporate world
• Empowered community

E.g. Mechanism through which ICANN's Supporting Organizations (SOs) 
and Advisory Committees (ACs) can organize under California law to legally 
enforce community powers. 

23
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Other points:

• Existence of a sanctioning power does not yield a limitative 
condition, for a sanction can be weak or have a weak binding 
force.

• Algorithmic accountability is an all-encompassing topic

24

III.
Desirability and challenges

Desirability of accountability
The notion of accountability is deeply intertwined with other notions also 
considered to be desirable characteristics of our political systems or our 
economies.
These include but are not limited to: answerability; transparency; integrity; 
trustworthiness; responsiveness (Bovens 2010, 947; Mulgan 2000, 2003); 
blameworthiness; liability; moral/political responsibility.
Accountability can also be considered to be as a necessary condition of:

• Good governance (Dubnick 2007; Bovens 2010);
• Efficiency (Sinclair 1995, 222; Bovens 2010, 201);
• Democracy (see Mulgan 2000; Behn 2001; Bovens 2010); and
• Justice or fairness, in the sense that it is difficult to imagine a just society wherein 

there is no accountability whatsoever (Bovens 2010, Rawls 1999).
#26

Challenges of account-giving
1) Violation of privacy

Def.: People or organizations that are made more accountable may have to 
provide more extensive accounts for their practices, and being accountable in this 
way may lead to heightened transparency, which may undermine privacy.

2) Counterproductive uses
Def.: risk that people could use the accounts or explications provided through 
various accountability mechanisms, and their sanctioning power, in a way that 
would not serve the reasons why these mechanisms have been put in place.
E.g. Being accountable about criminal risk scores (e.g. COMPASS or LSI-R)
E.g. Google being accountable about its search ranking algorithm
E.g. More accountability from intelligence agencies?
Risks that people :
- Game the rules
- Exploit heightened transparency
- Exploit accountability mechanisms in other ways

27
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Challenges (continued…)
3) Epistemic constraints

Def.: We would like to held A to account for X, but A does not 
have the necessary knowledge or knowhow to provide a 
satisfactory account of X.
E.g. Malaysia Airlines Flight 370
E.g. Health effects of  'cat parasite' Toxoplasma gondii

4) Cost constraints
Def.: There are cases wherein an obligation of account-giving 
can be challenging because the necessary knowledge or 
knowhow do not exist. But it is often the case that it is simply 
difficult or costly to acquire that knowledge and/or give an 
account of X.
E.g. Organic certification and labelling

28

IV.
Implications:

Three examples

1) Predominance of human judgment

Claim: human judgment must be predominant in any organizational or 
political processes, even when these processes embed algorithms.
E.g. French policies regarding the usage of AI technologies in the health 
sector and the “garantie humaine” (human guarantee).
E.g. Déclaration of Montréal, principle of responsibility: “all areas where a 
decision that affects a person’s life, quality of life, or reputation must be 
made, where time and circumstance permit, the final decision must be taken 
by a human being and that decision should be free and informed”
Strong and weak predominance scenario
Strong predominance scenario:
• Epistemic challenges
• Costs constraints

30

2) Non-discrimination
E.g. UNI Global Union principles
We must “ensure a Genderless, Unbiased AI” 
E.g. FAT, Principle of Fairness:
We must “ensure that algorithmic decisions do not create discriminatory or unjust 
impacts when comparing across different demographics (e.g. race, sex, etc)” 
(Diakopoulos et al. 2016)
What to be careful about:
• Possible violations of privacy
• Counterproductive uses

Randomization or ignoring specific variables may ⇩ precision
• Epistemic constraints

Bias can creep in at many stages in the design/use of an algorithm: How the 
problem was framed? How the data was collected? How the data was prepared? 
Are there any pernicious feedback loops? 31
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3) More generally …

There is an expectation that algorithms, such as neural 
networks, will be trained with the proper dataset, will be 
benchmarked properly and checked for their accuracy; 
and that the people or organizations that create or use 
theses algorithms are accountable in this respect.

• Epistemic constraints

• Costs constraints

• Potential counterproductive uses,
such as violations of trade secrecy

32

V.
Conclusion: Where to set the bar?

• Algorithmic accountability is an all-encompassing topic, therefore, we should 
careful before making general statements about algorithmic accountability.

Yet …
• There are strong grounds for ⇧ algorithmic accountability.

• But this will also raise a series of challenges.

• The challenges of account-giving are more or less important in different 
cases.

• Also, we can develop workarounds
E.g. Being held to account for the environmental effects of chemicals: it is not 
sufficient to claim that we do not have the necessary knowledge or knowhow. 
At the very least, we can institute a precautionary principle.

But typically, ⇧ accountability is likely to have good and bad aspects, and it will 
be necessary to decide where we should set the bar.
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Suggestion:
Proportionality criterion
See Hurka (2005), Weinstock (2009) and Martin (2012), among others.

• Just was theory
jus ad bellum: War’s destructiveness “must not be out of proportion to the relevant good the 
war will do”
jus in bello: Killing non-fighting populations is unacceptable if “the resulting civilian deaths are 
out of proportion to the relevant good one’s act will do”

• Self-defense
Using force will be judged acceptable for defending oneself against an aggression if it doesn’t 
exceed the intensity of the aggression.

• Oakes’s test (from R v Oakes)
Violation of the Canadian charter of rights are permissible if there is “proportionality between 
the effects of the measures which are responsible for limiting the Charter right or freedom, and 
the objective which has been identified as of "sufficient importance".

Def.: more accountability must not cause harms or produce bad consequences that are out of 
proportion with the good aspects of accountability. 35


