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Abstract consequencesFurther, hey suggest that these sacred
We present a cognitive model of moral decisioaking, values fAari se oles&bout &ctiodsgahert o | o
MoralDM, which models psychological findings about than outcomeso. In our exampl
utilitarian and deontological modes of reasoni@urrent value, people often refuse to take an action which would
theories of moral decisiemaking extend beyond pure result in taking lives.
utilitarian models by relying strongly on contextual factors This paperdescribe a cognitively motivated model of
that vary with cultureln MoralDM, the impacts of secular moral decisiormaking, called Mord@M, which operates
versus sacred values are modeled via qualitative reasoning, i two modes of decisiomaking: utilitarian and
using an order of magnitude representatidfe present a deontological. MoralDM models theifferent impacts of

simplified version of ROM(R) Rague, 1993) and discuss sgcular_versus _sacred values via qualitatiye reasoning,
how it can be used to capture. peo(f) eofs detu%ree tt.&)uadw I toy
sensitivity. MoralDM uses a combination of firgrrinciples using" an -graer ot magnitude representation. recuce
reasoning and analogical reasoning to determine tailorability, a naturhlanguage understanding system is

consequences and utilitie$ moral judgments. A natural used tosemtautomatically produce formal representations

languae system is used to produce formal representations from psychological stimuli reendered in simplified
for the system from psychological stimuli, to reduce English.MoralDM combines firsfrinciples reasoning and

tailorability. We compare MoralDM against psychological analogical reasoning to implement rules of moral sleni
results in moral decisiemaking tasks and show that its making and utilize previously made decisions. We evaluate
performancemproves with experience our system by comparing it with established psychioldg

results and by examining how tiperformance okystem
Introducti changess a function of the number of available cases.
ntroauction We begin by summarizingelevantpsychologicafesults

While traditional models of decisiemaking in Al have on quantity insensitivity and howan order of magnitude
focused on utilitarian theories, there is considerable formalism can be used to capture this phenomeNest,
psychological evidence that these theories fail to capture We describeéMoralDM and how it works. fienwe show
the full spectrum of human decisiomaking. In particular, ~ that MoralDM can account for results from two
research onmoral reasoning has uncovered a conflict PSychologicalstudies and that its performance can be
between normative outcomes and intuitive judgments. This improved by accumulating exampleSinally, we discuss
has led some researchers to propose the existence ofélated and future work.

deontological moral rules, which could block utilitarian

motives. Consider the starvation scenario (frBitov & . . . . e .
Barévn 1999) bébw: el o (fraiitov Decision-Making and Quantity Insensitivity

A convoy of food trucks is on its way to a refugee In the presence of sacred values, people tend to be less
camp during a famine in Africa. (Airplanes cannot be sensitive to outcome utilities their decisioamaking. This
used.) You find that a second camp has even more results in decisions which are contrary to utilitarian
refugees. If you tell the convoy to go to the second  models. We claim that this can be accounted for uamg

camp instead of the fit, you will save 1000 people existing qualitative  reasoning formalism.  After
from death, but 100 people in the first camp will die summarizing the relevant moral decisimaking findings,
as a result. we presenta simplified version ofDague6s (199

ROM(R) qualitative order of magnitude formalism which
we use to capture these results.

While the utilitarian decision would send the convoy to the ~ Sacred or tected values concermn acts and not
second camp, participants were more likely to chdose outcomes. When dealing with a case involving a protected

send the convoy to the first camp. Baron and Spranca V@lue, people tend to mncerned with the nature of their
(1997) suggested the existencesatred valueswhich are action rather than the utility of the outcome. Baron and
not allowed to be traded off, no matter what the Spranca (1997) argue that when dealing with protected

Would you send the convoy to the second camp?



values people show insensitivity to quantity. That is, in These rel ations respectively
tradeoff situationsinvolving protected valugsthey are t hano and fkdan ke any valué betwerio Q
less sensitive to theutcome utilities of theonsequences ~ and 1 Figure 1 demonstrates the interval landmarks of the
The amount of sensitivity (or insensitivity) towards System.The analogn the above systewf the parametef£
outcomes vary with the contextLim and Baron (1997)  of ROM(K) depends on the value kf Whenk < %%, £is
show thathis effectvaries across cultures. K(1 - K, and whenk O ,I£is (1 - K)/ k. Quantity

In addition tocontextual factorsthe causal structure of
the scenari o af fresking.sWaldneaonp!| eb6s deci STi on
and Dieterich (2007) show that people act more utilitarian, |

i.e., become more sensitite@ the outcome utilitiesf their \ < ‘
action influences thpatientof harm rather than ¢éhagent. ‘ R ‘
They also suggest that people act less quantity sensitive P

| | |

when their action directly, rather than indirectly, causes w L
harm.Bart el s and Medin (2007)° argue “that th%¥ agentlos
sensitivity towards the outcome of a moral situation is Figure 1: Interval Landmarks
dependentontheage 6 s f ocus of attenti on

We model quantity sensitivith y usi ng Dagu&ds,i PR ; _
ROM(R) qualitative or_der c_)f magnitude formalism. Order Z%ff%;ﬁ}'ﬁg fii%ﬁgegemﬁg?ﬁ%kmggmgbéﬁjgang
of magnitude reasoning is a form of commonsense noyes it from& & or from<to i resulting in higher
reasoning whichprovides _the klnq of stratification that quantity sensitivity. Depending on the sacred values
seems necessafyr modeling the impact of sacred values iy qlyed and the causal structure of the scenario, wekvary

on reasoningRaiman (1991) uses the analogy of & coarse 4 capture sensitivity towards the utility of the outcome.
balance to describe the intuitions behind order of

magnitude reasoning: a course balance can weigh
guantities with more or less precision. This precisionlleve MoralDM
depends on the order of magnitude scale used to map
guantities onto course values. He uses two granularity Our model of moral decisiemaking, MoralDM, has been
levels Small and Roughto build a multitude of order of implemented using the FIRE reasoning engiaad
magnitude scales. These two granularity levels provide underlying knowledge bas&he knowledge base contents
three qualitative relations betweguoantities which have are a 1.2 million fact subset f Cycorpbds Rese
been formally defined in FOG (Raiman, 1991). Both O(M) knowledge base which provides formal representations
(Mavrovouniots and Stephanapoulos, 1987) and ROM(K) about everyday objects, people, events and relationships.
(Dague, 1993) are attempts to provide a more The KB also includes representations we have developed
comprehensive order of magnitude formalism. to support qualitative and analogical reasoning. The
ROM(R), the mapping of ROM(K) ontd, is the only scenariosdecisions and rule sets used in MoralDM are all
system that guarantees validity iA. Some order of tepresented uniformly and stored in this KB.
magnituderepresentations (e.§:0G) do not allow values MoralDM operates in two mutually exclusive modes of
at different levels to ever be comparabf@ne of the — yoisioamaking: utilitarian and deontological. If there are
features of ROM(RR is that it includestwo degrees of no sacred values involved in the case being yaesl
freedom k; and k;, which can be varied to capture M . o o L
oralDM applies traditional rules of utilitarian decision

differences in quantity sensitivity. Dague definfmur X . . : . .
classes of relati%nshipybetween t)\//vo nugmbérsz | ose rtnaéqgg by choosing the action which provides the highest

Ffcomparable too, fAnegligi bloWcomeuiliy. Ontheoher hand, if MoralDM detgrmineg o
f r o MMile FOG and O(M) fail to capture gradual that therg are sacred values involved, it operates in
change, lie overlapping relations in ROM(K) allow a deontological mode andecomes less sensitive to the
smooth, gradual transition between the states. outcome utility of actions, preferring inaction to actions
Although for engineering problems two degrees of thatwould cause harm
freedom and four relations is quite useful, we believe for ~TO solve a given moral decisignaking scenario,
the task that we are interested in one degree of freedomMoralDM  begins by using a natural language
and three binary relations are more plausibléderefore, understanding system, to automatically translatekiied
we implemented a simplified version of ROM(R}ing English scenarios into predicate calculus. Given this
one degree of freedomk, resulting in three binary representation, the Orders of Magnitude Reasoning (OMR)
relations almost equal, greater tharand orders of module calculates the relationship between the utility of
magnitude differentThese three classesn be computed each choice. Using the outcome of OMR, MoralDM
using the following rules: utilizes a hybrid reasoning aggrch consisting of a First
A& Bé |A-B] kOMax(|Al,B|)
A A<Bé |Al k9B
A Al Bé |A-B|>k*Max(|Al,B|) ‘http://reearch.cyc.com
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Principles Reasoning (FPR) module and an Analogical representation choices were made to get a particular
Reasoning (AR) module to arrive at a decision. FPR example to work, as opposed to being uniform,
suggests decisions based on rules of moral reasoning. ARindependently motivated conventions. Since EA NLU is
compares a given scenario with previously solved decision used by multiple projects and relies an offthe-shelf
cases to sygest a course of action. We believe using knowledge base, tarability is greatly reduced.

hybrid reasoningmproves he robustness of the system EA NLU wuses A kharhgaser (Aken,t o m

and provides a more cognitively plausible approach to 1995) in combination with the COMLEX lexicon
decisionmaking. Figure 2 depicts the MoralDM (Macleod et al. 1998) and asimplified English grammar
architecture. (Kuehne and Forbus, 2004). The paser uses

FRP and AR work in parallel and complemertcle subcategorization frames_ froResearchCydor word and
other by providing support (or disagreement) far common phrase semantics. Each frame represents a case

decision. If both succeed andgree the decisionis for the term encoded as predicate calculus with

ted. Wh dule fails t . t a decisi syntactic/semantic role variables. Roles &lled during
presented. When one moduie talls o arrive at a deciSIon, ypa harsing process. Frames dittered according to both
the answer from the other module is used. If the modules

do not agree, the system seldet R6s choi ce. ?neflﬁdecé) s%%nﬁzm?da isypt:?\ctlc requirements - explicitly
the system is incapable of making a decision. After a  gentences within a stimulus are parsed separately. The
the case Ilbraryfor future use. This enables the System to semantic frames they entail, to the muge an interactive
make decisions in more scenarios as it accumulatesinterface. The user can selectively include or exclude trees
expeience. Next, we discuss each module in detail. as well as individual framesThese selections serve as
input to a transformation process using dynamic logic
principles from Discourse Representation Theory (DRT)
Explanation Agent NLU (Kamp & Reye 1993)to constructa description of the
sentence content. This description supports numerical and

Our inputs are dilemmas from the psychological literature, o e X PR
qualitative quantification, negation, implication, modal

expressed in natural language. To construct formal . - T
representations of these stimuli, we extended the €MPedding and explicit and implicit utterance -sub

Explanation Agent Natal Language Understanding Sentences. Anaphoric —references are resolved via
system (EA NLU, Kuehne and Forbus, 2004). selectional restrictions from the Cyc ontology gugd

Unrestricted automatic natural language understanding is sentence?tigchmfetﬂtagq thereby the intﬁglration into the
currently beyond the state of the art. Consequently, EA '€Présentation ot the discourse as a whole.
NLU uses a controlled language and operates -semi

automatically, enabling x@erimenters to interactively A convoy of trucks is transporting food
translate natural language stimuli into simplified syntax | to a refugee camp during a famine in

and guide the generation of predicate calcullibis Africa. 1000 people in a second refugee
practical approach allows us twoadly handle syntactic camp will die. You can save them by
and semantic ambigigs and to build deepformal ordering the convoy to go to that
represetations suitable for complex reasoninthis is a refugee camp. The order will cause 100
significant advantage over having experimenters construct| People to die in the first refugee camp.

representations by hand for two reasons. First, constructing
representations by hand is very tioensuming and
requires substantial expertise. Sadp handcoding
increases tailorability, i.e., the possibility that

Figure 3: Starvation scenario in simplified English

Figure 3 contains the controlled language for the
starvation scenarioGiven these statements, EA NLU
identifies events of transporting, famine, dying (1000
people), saving, ordering, going and dying (100 people)

New Prior Cases together with the two quantified sets of peopie, tonvoy,
Dilemma i Becisions ! food, two refugee camps and the proper name Africa.
' i There is also an explicit r
J Figure 4 contains the frambased interpretation of the
order

EANW || Ls OMR Causal links are explicitlgtated between the order and
: ‘ FPR the savingand the order and the second set of deaths. The
T_l_—A—' abstraction of saving drives inferential attention to events
in the description that the beneficiary may be being saved

Sacred from. The expected future modality of the first set of

Values

deaths makes it a reasonable ¢dagk. Based on the
possible modality of the saving/ordering sequence,

Figure 2: MoralDM Architecture

ef



(isa order131049 Ordering - CommunicationAct)
(performedBy order131049 you128898)
(recipientOfinfo order131049 convoy127246)

(infoTransferred order131049
(and
(isa refugee -campl29739 RefugeeCamp)
(isa convoy127246 Convoy)
(isa go129115 Movement - TranslationEvent)
(primaryObjectMoving go129115 convoy127246)
(toLocation go129115 refugee - camp129739)))

Figure 4: Predicate calculus for ordering

intervention or agent intervention. It uses low quantity
insensitivity for the first case and high otherwise,
consistent with psychological finding@Valdmann and
Dieterich 2007. The system also checks for directstey
indirect causation. In the case of indirect causation, a
higher degree of insensitivity is applied.

Returning to the starvation scenario, there are two
choices: ordering and inaction. For ordering, there are two
consequences, 1000 people in the seccemip will be
saved and 100 people in the first camp will die. Consulting
the KB, the system determines that dying has negative
utility and saving positive, resulting in a choice utility of
900 for the ordering choice. Using the same procedure, the
utility for inaction is calculated to be900. Using the
formula given abovek is initially set to 0 withE= 1.

listener, the system infers an abstraction of choice being indirect causation, there are no structural differences
presented with known consequences resulting from both Petween the two choices. Therefore, tevalue is set

action and ina@n. Figure 5 contains the inferred
abstraction of choice and its causal consequences.

(isa Sel 131949 SelectingSomething)
(choices Sel 131949 order131049)
(choices Sel 131949 Inaction131950)

(causes - PropSit
( chosenltem Sel
die128829)

(causes - PropSit
( chosenltem Sel
savel28937)

131949 Inaction131 950)

131949 order131049 )

Figure 5: Predicate calculus for the choice presented

Order of Magnitude Reasoning Module
The inputsto OMR include the sacred was for the

solely by the existence of sacred valués this case,
causing someone to die & sacred value resulting k
being set tk + £= 1, therefore causing the system to act
less quantity sensitiveUsing ROMR), the relationship
between the utilities of the two choices is calculated to be
a. On the other hand, if there had not been aeshealue,

the value ofk would have remained Ocausing the
relationship between the utilities to be These utilities,
900 and-900, and the computed relationship, are
provided to FPR and AR.

First-Principles Reasoning Module

Motivated by moral decisirmaking research, FPR makes
decisions based upon tii@lowing factors: theorders of
magnitude relationship between utilities, sacred values,
computed utilities, and action vs. inaction. FPR uses three
methodsfor making decisions. First, the utilitanianethod

culture being modeled and the causal structure of the which selects the choice with the hlghest Utl'lty, is invoked
scenario. Using the predicate calculus produced by EA when the choice does not involve a sacred value. Second,

NLU, OMR calculates the expected utility of each choice

in situations with sacred values and without an order of

by summing the utility of its consequences. For each magnitude difference between outcomes, the -pure

consequence of a choice, ®Wses its rules to ascertain if

deontological method selects the choice that does not

the outcome is a positive or nega’[ive outcome, and to violate a sacred value. Thirthe utilitarian-deontological
identify any sets whose cardinality matters in the decision methodoperates whethe scenario contains sacred values

(e.g., number of people at risk).

After computingutilities, OMR selects & value based
upon the context ofthe scenario Assuming that the
relationship between the utilitiesa and b, are
Acompar abl eo,ktoMa (jal/bM). Bhist s
results in the relationship between the utilities falling
within <, right betweeri andd ( B.ilfghe decision
involves a sacred value for the modeled cultsedtingk to
k + Eshifts the relationship between utilities from greater
than toclose tg resulting in the system being less sensitive
to the numeric utility of the outcome. On the etthand, if

and an order of magnitude difference between outcomes,
selecing the choice with the higher utilityTherdore, the
puredeontological method is the only method that makes
decisions that violate utilitarian norms.

In the starvation scenario, there is a sacred value, people
dying, and no order magnitude difference between the
utility of the two choices. Therefe the systenuses the
puredeontologicamethod to seledhe inaction choice.

Thesemethodsare mutually exclusive, returning at most
one choice per scenario. Given the breadth of moral
reasoning scenarios, the rules implementing FPR are not

the there are no sacred values involved, the systemcomplete. Therefore, FPR necessarily fails on some

substitutesk with k - Ethereby making the system more
guantity sensitive to the computed utilitiés. addition to

sacred values, the causal structure of the scenario dffects
OMR checks @ see if the scenario contains patient

scenarios. These cases highlight the need for the hybrid
reasoning approach taken in MoralDM. The resulting
choice is compared with the results of the analogical
reasoning module of MoralDM.



Analogical Reasoning Module Do you transfer the funds?

An important role that analogy plays in decisioaking is
framing the situation. When making a choice, decision
makers frequently use past experiencasd draw
inferences from their previous choices (Markman and
Medin, 2002).To model analogy in dé&ion making, we
use the StructurMapping Engine (SME) (Falkenhainet

al. 1989), a computational model of similarity and analogy
based on Gentneroés (1983) structure mapping theory of
analogy in humans. SME operates over structured Evaluation

representations, comssing of entities, attributes of entities

and relations. Given two descriptionspasecaseand a We evaluated MoralDM by running it on 8 moral decision
target case SME aligns their common structure to find a making scenarios taken from two psychology studies
mapping between the cases. This mapping consists of a se{Waldmann and Dieterich 2007; Ritov and Baron 1999).

of correspondences between entities argtessions in the In all the scenarios used, traditional utility theories fail to

The analogical decision is determined by the candidate
inferences where the dedsi in the base, inaction, is
mapped to the choice in the target representing inaction.
Because the traffic scenario contains the same the order of
magnitude relationship, almost equal, as in the starvation
scenario, the systeatceptghe analogical dedisn.

two cases. SME produces mappings that maximize predictsubjec s 6 r esponses, as often
systematicity i.e., it prefers mappings with higherder choice which provides a smaller overall outcome utility.
relations and nested relational structure. Eteictural We compare Moral DMés deci si on

evaluation scoreof a mapping is a numerical measure of in these experiments. If the decision of MoralDM matched
similarity betweenthe base and target. SME identifies those of the subjects, as reported by #wthors, we
elements in the base that fail to map to the target and usesconsider it a correct choice.

the common relational structure to calculatendidate EU NLU translated all 8 cases into predicate calculus
inferencedy filling in missing structures in target. MoralDM made the correct choice in each of the scenarios
Running concurrently with FPRAR uses comparists using the result fromF P R . This illustrat

between new cases and previously solved cases to suggesibility to do complex reasoning from natudahguage
decisions. When faced with a moral decision scenario, AR inputand provides evidence for its psychological fidelity
uses SME to compare the new case with every previously One of the more difficult aspects in building the FPR
solved scenario in its memoryThe similarity score module is the number of rules to handle the breage of
between the novel case and easblved scenario is  situations covered in moral decision making. The AR
calculated using SME by normalizing the structural module is capablefanaking moral decisions in situations
evaluation score against the size of the scenario. If this when gaps in the KB or rule set would prevent the FPR
score is higher than a certain threshold and both scenariosmodule from coming up with an answer. Therefore, we
contain the same order of magnitude relationship between evaluatedthe AR module independently of the FPR
outcome utities, then the candidate inferences are module to answer two questions: (Lp& we use analogy
considered as valid analogical decisions. If the scenarios to domoral decisiormaking from natural language input?
have different orders of magnitude relationships, it is likely (2) How is AR performance affected as the number of
that a different mode of reasoning should be used for the previously solved cases stored in memory incisfase
target scenario and AR rejectsetlanalogical inference. Given the 8 solved scenarios, we creatadelibraries
After comparing against all of the solved scenaridR, of every combination of these scenariosisTjprovided us
selectsthe choice in the new scenario with the highest with 254 differentcaselibraries (8 of size 1, 28 of size 2,
numberof analogical decisionsin the case of atie, AR 56 of si ze 3 ¢é )casdibfanyewe festadithe h e a
selects the choice with the highest average similarity score AR module by running it on each of the scenarios not in
supporting it. Because analogical alignment is based upon thecaselibrary. Sofor each of the 8 libraries of size 1eth
similarities in structure, similar causal structures and/or test consisted of 7 decision scenarios for a total of 56
sacred values align similar decisions. Therefore, the more decision scenarios.
structurally similar the scenarios are, the more likely the  Figure6 showsthe performance of ARs a function of
analogical decisionsi going to be the correct moral one. the number of available case¥here is a monotonic
Returning to our starvation example, AR can solve this increase in the number of correct answers as the size of the

decision problem through an analogy with a traffic library increase§ Pear soné6s r .Adso, th&e , p
scenario given below, in which the system chts@ot is a significant decrease in the number of cases where AR
transfer funds does not come up with an answer -.95, p < .001)The

number of incorrect decisions chasgpsignificantly from

18% to 25%(r = .53, p < .22 The statistics reported have
been computed by comparing each series against the size
of the case library.

A program to combat accidents saves 5@diper
year in a specific area. The same funds could be used
to save 200 lives in another area, but the 50 lives in
the first area would be lost.



Our combination of analogical and fistinciples

both precedents and rules to reason about a situation. His
work was hamperedytthe lack of offthe-shelf largescale

V'S

~
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—8—No response KANT project (cf. Mitamura & Nyberg 1995) and
—&— Falled Boei ng 6 edlanguagé wodkI(cf. Cladd al.2005)
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Conclusions and Future Work

; ; ; ; : MoralDM uses qualitative modeling to reason about
1 2 3 case Litrary . 5 6 7 utilities, capturing the differences between sacred and
: secular values via an order of magnitude representation. It
uses a combinatiorf dirst-principles logical reasoning and
analogical reasoning to determine the utility of outcomes
and make decisions based on this informatidhe hybrid
approach produes answers in a wider range of
circumstances than either alone. Natural langugne iof

Figure 6: Analogical reasoning results

The results of these evaluations are very encouraging.
First and foremost, our system matches human behavior on
8 decisionmaking scenarios pvided in natural language. DS . ; T~
In addition to this result, we also found that there was a SCENarios, in simplified English, reduces tailorability, a key
significant improvement in AR module performance as the problem in cognitive simulation research. We showed that

numberofc ases in Moral DMoés me mdP@DPM canbe lésﬁdstoe”wqel psychological results from
wo Studies. While there is still more to be done, we think

MoralDM represents an important step in computational

Related Work modeling of moral decisiomaking.
We plan to pursue several lines of investigation next.
Reasoning with order of magnitude is a form of First, we plan to extend the valuation rules to model

commorsense reasoning whicls mostly suitable when different cultures, based on existing collaborations with
complete quantitative information is not available or when cognitive psydologists and anthropologists. This will
tackling problems involving complex physical systems. require extending the firgirinciples reasoning rules to
Order of magnitude reasoning has been used in severalcover a broader range of scenarios. Constructing these
engineering tasks (e.g. Dague, 1994; Mawtovots and rules is a time consuming and error prone process. One
Stephanapoulos, 1988; Dague, Deves and Raiman 1987). alternative is to automatically extractealby generalizing
Several research projects have focused on building over previously made decisions. By focusing on decisions
ethical advisors. The MedEthEx system uses ILP from a specific culture, we can explore automatic model
techniques to learn decision principles from training cases construction for making novel predictions about the
(Anderson et al. 2006). Mclara's TruthTeller and behavior of a certain group (Dehghani et al. 208@tond,
SIROCCO systems (2005) use chssed reasoning to  we plan to &tend the range of EA NLU coverage to handle
highlight relevant ethical considerations and arguments to a wide range of cultural stories. This will enable us to
a human user. Like them, we use prior cases, but to guidecreate story libraries for different cultural groups, and
the systembds own reasoni ng,translad hadscripts Hremn intgriiewedata dnore easily.
also wee not designed to model the effects of sacred Third, we plan to incorporate a cogmily plausible model
versus secular values that MoralDM captures. of similarity-based retrieval, MAC /FAC (Forbus et al.,
Computational models of cultural reasoning are 1995), to make analogical reasoning more scalable as the
receiving increasing attention. For example, the CARA story library grows. Finally, we plan to test MoralDM on a
system (Subrahmaniaet al. 2007) is part of a project to  wider range of problems, using data gathered from
fi u rsdaed how different cultural groups today make participantfrom multiple cultural groups.
decisions and what factors those decisions are based
up on €ARA uses semantic web technologies and
opinion extraction from weblogs to build cultural decision References
models consisting of qualitative rules and tyili
evaluation. While we agree that qualitative reasoning must
be integrated with traditional utility evaluation, we also
believe that analogy plays a key role in moral reasoning.
Moreover, we differ by evaluating our system against
psychological studies, lich helps ensure its judgments
will be like those that people make.
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