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Should an Algorithm Make Our Decisions?

CASE STUDY

D arnell Gates of Philadelphia had been jailed special rapporteur on extreme poverty criticized the

for running a car into a house in 2013 and Dutch system for creating a “digital welfare state”
later for violently threatening his former that turns crucial decisions about people’s lives over
domestic partner. When he was released in 2018, he to machines.
was initially required to visit a probation officer once Rotterdam citizens, along with privacy rights
a week because he had been identified as “high risk”  groups, civil rights lawyers, and the largest national

by a computer algorithm. Gates’s probation office vis- labor union rallied against System Risk Indication.
its were eventually stretched to every two weeks and A district court ordered an immediate halt to the risk

then once a month, but conversations with proba- algorithm’s use. The court stated that the System
tion officers remained impersonal and perfunctory, Risk Indication program lacked privacy safeguards
with the officers rarely taking the time to unders, tha ﬁ gofferament was insufficiently trans-
Gates’s rehabilitation. What Gates didn't rent & J he decision can be

that a computer algorithm develo
of Pennsylvania professor had

by a UniVers appealed.
“high risk” Bristol, England is usm nialgg

thin to compen-

determination that govern atment. sate for tight budgets that reducefl sgfial)services.
This algorithm is one of nx now being used to A team that includes representative police

make decisions about pegple’s lives in the United and children’s services meets weekly to fevies re-

States and Europe.ARgedictive algorithms are being sults from an algorithm that tries to identif§ yo

used to determi sentences, probation rules,
and police patzg often not clear how these
tomated syste p making their decisions,

that creates a risk sco

m police reports, social

nt records. The risk

, school attendance,

o others with high risk
parents were involved
ores fluctuate, depend-
ad an incident such as

in the city who are most at risk for crime an il
in need. In 2019, Bristol int@

cult for a laypdrson to understand.

The Rﬂam city government has used such
algorithms toqdentify risks for welfare and tax fraud.
A progr@ed System Risk Indication scans data
from va overnment authorities to flag people

who mamiming unemployment benefits when
they are 1hg, or receiving a housing subsidy

for living when they are actually living with
several ot ccording to the Ministry of Social
Affairs and Employment, which runs this program,
data examined include income, education, property,

ristol’s algorithm is identi-
and there are human decision
¢ its use. Charlene Richardson and
nd Brown, two city workers who are respon-
or aiding young people flagged by the software,
nowledge that the computer doesn’t always get LU
iocht, so they do not rely on it entirely. The city %
rent, debt, car oyership, home address, and the ment has been open with the public about %
welfare benefits pegeived for housing, health care, am. The government has posted some deta@

and children. T Erithm produces “risk reports” online and staged community events. Howeviz

A@USP..--

on individuals wh 1d be investigated. When ponents believe the program isn’t fully trans

the system was used{mostyrecently in Rotterdam, it Young people and their parents do not k i they
produced 1,263 risk re two neighborhoods. are on the list, and have no way to co ir
People who are on the lis told how the al- inclusion.

gorithm is making its decisio ether they Studies of algorithms in ¢ g, hlrlng,
are on the register, nor are they s 0 ap- policing, and health ca that poorly de-

peal. An October 2019 report by the Am ﬂgSlE for e rac1a1 and gender
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biases. According to Solon Barocas, an assistant pro- As a result, black patients with the highest risk
fessor at Cornell University and principal researcher  scores had higher numbers of serious chronic con-
at Microsoft Research, algorithms can appear to be ditions than white patients with the same scores,
very data-driven, but there are subjective decisions including cancer and diabetes, the researchers re-

that go into setting up the problem in the first place. ~ ported. Compared with white patients with the same
For example, a study by Ziad Obermeyer, a health  risk scores, black patients also had higher blood pres-

policy researcher at the University of California, sure and cholesterol levels, more severe diabetes,
Berkeley, and colleagues, published in October 2019 and worse kidney function.

in the journal Science, examined an algorithm widely By using medical records, laboratory results, and
used in hospitals to establish priorities for patient vital signs of the same set of patients, the research-
care. The study found that black patients were less ers found that black patients were sicker than white
likely than white patients to receive extra medical patients who had a similar predicted cost. By revis-
help, despite being sicker. The algorithm has been ing the algorithm to predict the number of chronic
used in the Impact Pro program from Optum, United illnesses that a patient will likely experience in a
Health Group’s health services arm, to identify pa- given year—rather than the cost of treating those

tients with heart disease, diabetes, and other chronic fHadssgs'-thalreSgari] ere able to reduce the

illnesses who could benefit from more attenti al ispari ﬁ ?lESL . Meqn the researchers

from nurses, pharmacists, and case won a ént their results to , iffrep @ d their find-

aging their prescriptions, scheduling d @ isits, ings and committed to correcting{it§ moglel

and monitoring their overall he Civil rights lawyers, labor unions, jty or-
The algorithm assigned healthi ite patients ganizers, and some government agencie t g

the same ranking as black pati?nts who had one to find ways to push back against the growingfep
more chronic illness as #ell as poorer laboratory dence on automated systems that remove hu s
results and vital signs, igentify people with the from the decision making process. Media Mobilizi
greatest medical needs, the algorithm looked at pa- imand MediaJustice in Oaklan
tients’ medical hist @ nd how much was spent tionwide database of

a national organization
nizers, has issued a guide
The algorit%n’t intentionally racist—1n fact, to
it specifically exc d race. Instead, to identify in
patients who benefit from more medical sup- i
port, the algorit sed a seemingly race-blind met-

ric: how muc tients would cost the health-care
system in the

community orga-
organizers on how
aho passed a law
and data used in
vailable so that
how they work.
ays been present

. But cost isn’t a race-neutral nt decisions. What'’s

L]
measure of h -care need. Black patients incurred at which we rely on @
about $1,800 1 edical costs per year than systems to help us decide,

treating them, and tRewpredicted who was lik,
have the highest'%in the future. The al
p

used costs to rank ents.

white patients w e same number of chronic take over the decision making for us.
conditions; thu 1g0rithm scored white patients are helpful in making predictions that
as equally at risk of future health problems as black will guide decision makers, but decision making
patients who had many more diseases. requi uch more. Good decision making requires

When the researchess searched for the source bri ether and reconciling multiple points of %
of the scores, they d sered that Impact Pro was vie e ability to explain why a particular path Q

using bills and insura youts as indicators for a was chosen.

person’s overall health. D€wever, health care costs As automated systems increasingly shift from Q
tend to be lower for black {atiéyts, regardless of their predictions to decisions, focusing on the fairne .
actual well-being. Compare hite patients, of algorithms is not enough because their o Q
many black patients live farth, eir hospitals,  just one of the inputs for a human decisj T.
making it harder to visit them reg Iso One must also look at how human dgCig! kers

. PRey a
tend to have less flexible job schedules interpret and integrate the o uﬁ) gorithms
child care responsibilities. 7V qaﬁi.ﬁder what 'tifj% watld deviate from



an algorithmic recommendation. Which aspects of a
decision process should be handled by an algorithm
and which by a human decision maker to obtain fair
and reliable outcomes?

Sources: Cade Metz and Adam Satariano, “An Algorithm That
Grants Freedom, or Takes It Away,” New York Times, February

6, 2020; Irving Wladawsky-Berger, “The Coming Era of Decision
Machines,” Wall Street Journal, March 27, 2020; Michael Price,
“Hospital ‘Risk Scores’ Prioritize White Patients,” Science, October
24, 2019; Melanie Evans and Anna Wilde Matthews, “Researchers
Find Racial Bias in Hospital Algorithm,” Wall Street Journal,
October 25, 2019.
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CASE STUDY QUESTIONS

12-13 What are the problems in using algorithms
and automated systems for decision making?

12-14 What management, organizational, and
technology factors have contributed to the
problem?

12-15 Should automated systems be used to make
decisions? Explain your answer.
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