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attention”.

March (1993, p 23) A Primer On Decision Making. How Decisions Happen

System 1 (“Fast, intuitive, gut-feeling”) System 2 (“Sl|
Norms!

Connections to Learning & Memory (Data Base)
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A Step Back: Two Philosphical streams

UNIVERSITET

Consequentialism: Utilitarianism Bentham, Deontological view:

Mill Kant Categorical Imperative.
“Nature has placed mankind under the "Itis our duty to g
governance of two sovereign that we would

masters, pain and pleasure. It is for act in a similar
them alone to point out what we ought circumstanceg
to do, as well as to determine what we  people. Act
shall do.” that you wo

Calculation! people to fa
universal la

“@ i

Jeremy Bentham 1748-1832 Immanuel Kant 1

Decision making (process?)
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Theories- Ideas ("Socio”, Social’) ~ Tools - Materiality

Contents lists available at ScienceDirect

Comiests st available at SienceDiiect | Decision Support Systems g
Decision Support Systems \;‘;Xh ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
e

journal homopage:

Patterns of business intelligence systems use in organizations
Behavioral economics for deeision support systems researchers ) Danvid
David Amott’, Shijia Gao
Pkt f i T, Mo Uy, K0 B 197, Conl o, Vs 145, Ao
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Materiality: Tools- history. power et al (2019)
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1960s 19708 1980s 1990s 2000+
Computerized Dectsion Su Dectsion Support Decision Support
JS— | ===t | [ ElRE=E

Business Intelligence Real-time Analytics
Advanced D3S Frameworks

“man-computer symbiosis™
(Licklider, 1960)

Management Decision

Management Decision Systems
Svstems

Group Decision Support Machine Learning
Systems (GDSS) Artificial Intelligence

“decisions by machines”
{Dutton, 1961)

Strategic Planning Systems. Case-based reasoning (CBR)

“An organization is 3 decision Decision Support Systems Expert Systems ——— Ambient

stem” (Cvert and March, 1963) Intelligence
onsnip Batween DSS and MIS 7055 3 bt of Managemant Real-time DSS Automated Decision Big data
(Ao, 1967; Dickacr, 1968; Ferpusen and Systems analytics

500 Systems”
Doniovan end Macics (1977)

Deskton Networked
computing Opersting Systems toT

Software suites
and GUI

Judged Utility Decision

Time-sharing
GEnerstor (JUDGE)

computing

Enterprise System
Architecture

‘Whichwind digital

computer e goures

Microprocessing P

Mobile devices,

sensors

Probabilistic Information Persanal
System (PIP) Computing (PC)

s, Internet/
3 advances—processing, PC era o Big data

memory

Figure 3. Advances in Decision Systems and Technology.

g ERP systems: AUTOMATE Integration.
Transactional Data

EDI, Internet EDI, or extranets are used to connect a company’ s
ERP system to the IT systems of its suppliers and customers.

— Customer IT

T~ N Vv N

e Finance Analytics Sales )

Develnpmem
L e L Customer IT
; N Vs Systems
Customer
Procur ogwslr E Manufacturing HR Service
\ /\ \ Customer IT

Supplier IT
Systems

Supplier IT
Systems

Supplier IT

Systems Systems
I \/
e - .
Exhibit 6-2 - m
An ERP Il System oy e

Database Warehouse

e | -

SO 3 Current ERP systi aract \
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: Materiality: Tools — history/Legacy. Functionality &
NS Use ("Design & Use”).

A critical anatysis of DS revisited 0 Amott and G paran
370
Compuaciiness Oporations Research,
e ¥ Management Science
1960s
Trans ® o s
Feparing Systoms Shunnton mod
Social Payenology
1970s PERSONAL DECISION
UPPORT SYSTEMS
Artificial Intelligence B Group Behavior & Processes
Export Systems ata Base Thoory T~
GROUP SUPPORT SYSTEMS
1980s
oLar
INTELLIGENT DECISION - Nogotiation
SUPPORT SYSTEMS ) ooy
EXECUTIVE INFORMATION
SYSTEMS

Knowledge i
1990s Maniaeani Dimensional Modeling

Orgamzatonsi

NEGOTIATION SUPPORT
Leaming S SYSTEMS
T — SRNEAR RS EER Optimization. Forocastng, Prdictve
2000s oy ELich Modaling, Statiatcal Anasss
BUSINESS ANALYTICS

2010s

Figure 1 The genealogy of the DSS field, 1960-2010,
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Statistics — The Language of Big Data! (volume,

UPPSALA

UNIVERSITET Va riety, VelOC|ty)

Spiegelhalter, 2019, The Art of Statistics, p 7

Expectations: Different views — descriptive (what

UPPSALA

happened?) and predictive (what will happen?)

Fig.7 From hindsight to insight Pr i
e-emptive .
to foresight (based on HP 2014) P / What more can 1 do ? Action

Prescriptive Decision
What should 1 do ?
Predictive
What will happen ?
Insights
Diagnostic / Why did it happen ?
/ What happened ? Information

@ Springer
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"Learning” Programming vs Statistics
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3.7 Machine Learning vs Deep Learning —
"Networks & Layers”

Machine Learning -
- & o
Input 25 N
Feature o 2
Traditional machine learning uses hend-crafted features, which is tedious and costly to develop.
Deep Learning
B h Output
Input
Noural Networks
Deep learning learns hierarchical representation from the data itself, and sc o aata
I

Analytics — old (RDBM; Query) and new.

UPPSALA : :
UNIVERSITET According to Qlik!

Qlik @ Datasheet The Qlik Associative Engine - Built for Moderi

The Ql
free-form explor

of dala sources and ind
Relational Databases and Queries are Old Technology N

t designed for o

Il data from many 71

lore without boundaries

together using S

¢ types o X Partial subsets of data v Speed of thought

unforeseen insi
ing remendous value. That's The

and only Qlik can defiver it

¥ Unexpected insights
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Contents lists available at

4 Decision Support Systems

journal homepage: www.elsevier.com/locate/dss

Ideas about decision

tems 122 (2019) 113063

irect

David Arnortt”, Shijia Gao

ARTICLE INFO

Keywords:

Behavioral economics for decision support systems researchers

Faculey of Monash U PO Box 197, Caulfield Eass, Victoria 3145, Australia

radition — von Neumann &
Morgenstern

*  (Expected) Utility theory

» One person, one point of time, one
dimension. Perception & Preferences
given.

» Rational Choice — "Game Theory”,
"Prisoners Dilemma”.

» "Desktop” — prescriptive/normative,
axioms

Ideas: Tradition vs Alternative (Behavioral Economics)

Bentham vs Kant

"Alternative” Behavioral Economics &
Others

System 2.

 Framesl/fra
relating.

*  Experiment
+ Klein —intu

making
+ Gigerenzer
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Central Assumptions/Concepts in Decision

Theory/Making and Organisational Design (e.g.
Design Science; Nuggme

Some aspects...

* |Individual ("egoism”) VS SociaI/Group ("Altruism”; "Wisdom Qjgf
* Programmed vs Non-programmed decisio /

Operative).

 Facts (cognition) VS Values (emotions, "affects”).

* Logic of_Consequences ("efficiency”; calculatio
Appropriateness (egitimacy; fair’).
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Person & Situation ('socialPsycology’): The Situation

UNIVERSITET

— can lead to cognitive mistakes.

+ Complexity: difficult to identify causality (cause and gfffig
Interdependencies, non-linearity.

* Uncertainty: difficult to calulate risk.
* Heurstics: Rule of thumb
+ Cognitive mistakes/biases: "Systematic’. Often

The Logic of Appropriateness. Person &
Situation (Rules, Norms, Values, "Culture”)

2. The question of identity: What kind of person am 1? Or wiff
this?

3. The question of rules: What does a person such as |, §
this, do in a situation such as this?

March, (1993, p 58) A Primer on Decision Making. How Decisions Happen.
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Puzzles vs. Mysteries

and a correct answer.

"Mysteries offer no such clarity of definition, and no obj
solution; they are imbued with vagueness and indeter,
mysteries by asking ’ What is going on here?, and g
afterwards our understanding is likely to be only
none of the comfort and pleasure of reaching the ’rig

Kay & King (2020) "Decision- Making Beyond The Numbers”

Mystery. Cf. Wicked Problems

10
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Different situations — different decisions, different
actions!

Expected utility vs Prospect Theory ~ Changes from a baseline

D. Amott and S. Gao

2 "People think abq
2 changes, not lejfe
e changes from tief
Losses , Gains from what wasgg
s form they take

.’ happy or mi

a Thaler (2015, p.32) Misbdiia

Fig. 2. A value function from prospect theory.

Framing (and

A cnmemante 1 and 2 ok annidanes Tha dachad lina

General heuristics/biases

UPPSALA
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stereotypes

* The confirmation heuristic: search and collects data (use feffcti
ideas/hypotheses.

* The affect heuristic: follow a emotional evaluation before 4

Bazerman & Moore (2013, p 7) Judgement in Managerial Decision M4

11
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Ex. 1 Emotional Framing - the importance
of wording..

$95 and a 90% chance to lose $57?

« Would you pay $5 to participate in a lottery j
chance to win $100 and a 90% chance to

...losses evokes stronger negative feelings
Khaneman (2011, p 364).

Ex 2. Chosing method

were:

The one-month survival rate is 90%
There is 10% mortality in the first month.

Surgery more popular in the first "narrative”: 84 vs

Khaneman (2011, p 367).

12
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Explanation
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"Humans are social animals and communication pl
important role in decision-making. We frame our

them.”

Kay & King (2020, p.17) Decision- Making Beyond The Numbers

"Contested Terrain”: Maximation of Labor Value &
Workers Resistance. Skilling & De-skilling. Conflict

ALGORITHMS AT WORK:
THE NEW CONTESTED TERRAIN OF CONTROL

13
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Table 1: New
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ffordances of
Algorithmic
Systems

cchnological Affordances of Algorithms

Key Insighes

Example Studics

ul

Comprehensive

Instantancous

Interactive

Opnque

= Wide range of dev nd sen=ors
< ting a variety of data about workers, from biometrics

© L text =. and online footprints

= High velocity of algorithmic computation

- Per P in real-time into the
=ystem

= Als 1 i platf allow for particip
from multiple partics

= Interactive interfaces user in
Intcllcctual and corr

= Technical literacy

= Machine-learning opacity

Ball & »
(2014

rgulis (201 1): Xu ot al
ane & Orlikowski (201 5).
¥ : Angrave et al. (2016):
berg et al. (2016): Harari.
ng. & Renfrow (2017):
r (2018): Lix.

& Valentine

)

1. (2013):
sssglauscr,

r. Kafsi, Kazemi.
& Thiran (2013): Mayer-
chénberger & Cukier. (2013):

achon & Boguct (2017); Crowston

<
Valentine e
zo1%)

(2016); Danaher (2016); Weld &
Bansal (2018)
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Result — how do employees experience use of
algorithms?

Figure 1. Review of Algorithmic Control as Contested Terrain

DIRECTION EVALUATION  DISCIPLINE

CONTROL RECOMMENDING RECORDING REPLACING

MECHANISMS RESTRICTING RATING REWARDING
WORKER  MANIPULATION  SURVEILLANCE PRECARITY

EXPERIENCES DISEMPOWERMENT DISCRIMINATION STRESS

14
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‘able 2: Algorithmic Direetion

DIRECTING: Recommending & Restricting

Key Insights

Example Studics

Adgorithmic Frompting the worker to
Recommending | decisions preferred by the
M choice architeet

1
2
3
a
H I Algorithmic Direct
6
7
8

Resommmendingspo
i couer of action”

13 Algorithmic | Restricting access to
14 Restricting information

Restricting behavior

24 Potent Frustration
25 Worker

26 Experiences

27 Bias

Ovemiding workers
conceptions of well-being

31 Reduced voice

34 Procarity

ake | Can auy

kers: decisions by automatically fnding
Pattorna in tho dats and prescribig aciioas bascd oo this

ypass the heuristics w
airiLos

kers typically use to make
Can continuously and covertly restrict information available (o
workers

Can interactively restrict the behavior of crowdworkers and

online community members

Recommendations may not be intelligible to worker

resulting

Recommendations can reinforce social and rackal incqualitics

da

Recomme
being nudged

s may negatively affect the welfare of those

Restrict event workers with
Mmanagers and with one snoter

Restrictions can break jobs down into “micra” tasks, which can

be seheduled in fincly-grained, opaque, and unpredictable ways

| O"Mahony & Bechiy (2008); West & O'Mahony

‘Gabrilovich <t al. (2004); Goldman ¢t al. (2011)
Peckil ot a3 014 e (20167, Revastic
Stark (2016); Schrciber (2017); Gupt 018, Veale t
17 13018); Karumakaran 3015% Verentnd (3019,

{2008): Muthukumaraswarny (2010); Shaikh &
Camford, (2010); Faraj, Jarvenpaa, and Majehrzak

(2011); Afuah & Tucei (2012); Troem and Leonard

Tempini (2015); Arazy et al. (
(2016); Fayard, Gieredakis, &
Qo16); ind Vaast (2016); Calo & Rosenblat
(2017); Lifshita-Assaf (2018); Kitwr etal. (2019):
Truslove (2019)

2007); Martin et al. (2014); Pachidi  al
014y Amyuum Lee et al.
2015) & Sotm GOl E
Nl 2010y Rosenblat &
{2017); Christin

Gray & S

); Vallas & Schor (2020)
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Table 3: Algorithmic Evaluation

Algorithmic Evaluation

Algorithmic Recording ar regat
baby graimd e s

| Can track a wide range of beh

EVALUATING: Recording & Rating

[ Key Insights

Exampie Studics

Alvesson & Karreman (2007); Watkins, Allen,

Experiences

Data aceuracy

Weight of
decisions

atings in hiring

their overall nnmudr in various skills in work and he
settings, and ysical and mental health

Workers may not be aware of the data being collected, so they
may not be able to appeal judgements against them or correet
misinformation.

Algorithmic recording and ratings can be subject (o gender and
race stereotyping: workers may have fewer mechanisms for
contesting mechanisms they fecl are unfair; consumer rating
may escape legal action

Workers may be concerned that employers may select workers.
primarily based on priot ratings and may communic
workers primarily via online wols that do not allow in-person
assessments of workers

Recording “oopman, Hart, & Walker (2007); McClelland (2012);
statistics from internal and Segal et al. (2014); Karunakaran (2016); Levy (2016);
external saurces Rosenblat & Stark (2016; Leopard & Comractor

(2018); Schweyer (2018); Bailey, Erickson, Silbey,
Providing real-time feedback | Can cnable real-time adjustments of worker performance Teasloy (20193, Kittr et al. (2019); Lebdomvirts
(2019); Lix et al. (2019); Rahman (2019)
Algorithmic Ui el ing sed aekang, | Co: sggpepale qusrkiative 300 qualialve dni Vo manrure Motk | OFibowss & Soor (SUTAGY, Varehmey ot 3. B0LA);
Rating productivity and (0 evaluate workers within an organization rthy 015); Barrsti, Oborn, &
sed on external and internal sources Ortkomai {2016), Horedh et (2016); King (2016);
Mallafi & Widyantoro (2016); Christir. (2018); Jharver
Using predictive analytics Can predict futurc worker performance- achievement, skillset, | ct al. (2018); Levy & Blarotan (2018, Zosenblot
potential, retention, etc (2018); Curchod et al. (2019); Rahman (2019); Lix &
| . Valentine (2019).
Potential Loss of privacy Workers may be comoerned thal the data cllevted may inchude | Angia (2014); Tufthei @014); Bork (2015); Miller
Worker (2015); O"Connor (2015); Ahmed et al. (2016);

Fourcade & Healy (2016); Rosenblat
Bodic, Cherry, McCormick, & Tang
Greenwood, Adjerid, & Angst (2017); Levy & Barocas
(2017); Rosenblat, Levy, Barocas, & Hwang (2017);
Rahman & Valentine (2017); Antehy & Chan (2018);
Chan & Wang (2018); Jhaver, Karpfen, & Antin
(2018); Lix &Valentine (2019); Ticona & Matcescu
(2018); Rahman (2019); Valentine & Bemstein (2019);
Wood et al. (2019); Wood and Lehdonvirta (2019)
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Table 4: Algorithmic Discipline

Algorithmic Discipline Key Insights
Algorithmic Automatically replacing or Can be used to fire underperforming workers and replace them
Replacing removing with others that will follow managerial dircctives

Immediately replacing or Can recruit on a greater scale and at the fraction of the time
remaving because people are interchangeable and labor is mainly digital

| Algorithmic Interactively and dynamically | Can provide rewards in real time for behaviors that comply with
Rewarding rewarding predefined correct behaviors

Gamifying rewards Can use the principles of game design to make the affective

experience of work more positive and “fun” for employees

| Potential Precarity Precarity can be greater for low-skilled workers, cspecial
Worker they. work for organizations that usc platforms that allow "
Experiences automatic replacement
Frustration and stress Intentional secrecy of rewarding sysiem and rapid

responsiveness of the rewards may lead (o worker frustration
and stress

| Kiccrmans, Vol & Rieder (3005), Ancesh (200
L

| Exampie Studics

| Ancesh (2009); Kittur, Smus, Khambar, & Kraut

{2011); Lenglet (2011, Kittur ct al. (2013); Retelny <t
al. (2014); Beunza & Millo (2015); Ds Stefano (2015);
Irani (2015); Le ct al. (2015); Borch & Lange (2016):
Ha-Thue ct al. (2016); Lange, Lenglet & S+

(2016); Lenglet & Mol (2016): Rosenbl a
(2016); Sundararajan (2016); Valentine et al. (2017);
Rahman (2019); Ajunwa & Greene (2018); Cherry &
Aloisi (2018); MacKenzic (2018); Shapiro (2018);
Jackson (2019); Jarrahi ct al. (2019)

| Edery & Mollick (2009); Deterding, Khaled, Nucke, &

Dixon (2011); Kerfoot & Kissane (2014); Mollick &
14); Bogost

@ole;

oul 16); Rahman

(20173 Tvanova eval (2013%); Kim (20/8): Lehdonvina

(2018); Liu, Huang, & Zhang (201K); Petre (2018);

Shapiro (2018):

(2011); Schenk & Guittard (2011

rani &

MeClaland (20
Bergvall- Kireborn & Howeroft (2014 Mati
GOM): Retony ot 2l (2014); Douxiah 2016
Suri, Ali, & Kulkarni (2016); Postigo (2016): Raval &
Dowish (2016); Barley etal (2017 Corpossal &
Leludonyirta (2017); Graham, Hjorth, & Lehdonvirta
(2017); Valentine et al. (2017); Schwartz (2018);
Rahman (2019

DISCIPLINE: Replacing & Rewarding
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A need of managing a new
resource — knowledge!

Research article

Managing knowledge and managing
knowledge work: what we know
and what the future holds

Sue Newell

St of By Mragnees e, S sty 4, (X

Busines bansgement o Ecomemmcs, Susses niersy Brighton, BN SR, UK
Yo v o s

@ conecor difront
arca. In doing his

. ont IS Horatune on knowledge
B5SUMOUOAS. At UAJErDn Gt SHDAOBCNSS 10 Tis broOST ressar

ine how contexs, processes

whichaver approach to knowledge ana i
‘aspecialy in relaton

presenting new OPPOTUNTes (and chalsngss) for how OrOANTAIONS Can

knowledge and knawledge otars vt renw rosearch

wor
anding tho reationstips between tochRoogy, CGANZAton and
societ
o o oamtin Techowiogy 2015) 30,
fublahed oo 4 e 20
S ieten eaammgrrasn, knowledgs work knovlege mansgemment eyres
schware; igHization

17, 40k10.107/j2.201412;

Knowledge Wor

Different Approa

Table 1 Comparison of dferent approaches io managing incwodge

(N

Approaches  Repository Network
ta managing
knowledge

Crowd

ITsupport  Databases and search  Peer-to-peer virtual
engines networks

Outcomes  Reuse of explicit Sharing of tacit
knowledge for knowledge for improved
effciency innovation within

nization

Issues Creating culture of trust, Pragmatic boundaries;

incentives for sharing.  power asymmetri
quality of knowledge

Platforms that enable
as many voices a5
possible to contribute

Wisdom of crowd to
support fast open
innovatio

Protection of firm IP;
rewarding participants
who are not employees;
novelly of idess

“Tracking devices in
technologies

Datification that can reveal
paiterns that can be used for
decision-making, regardiess.
of understanding why

Palitical, economic, social
s

and legal s
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