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Whether to forgive is a key decision supporting cooperation. Like many other evolutionarily recurrent decisions,
it is made under uncertainty and requires the trade-off of costs and benefits. This decision can be conceptualized
as a signal detection or errormanagement task: Forgiving is adaptive if a relationshipwith the “harmdoer”will be
fitness enhancing and not adaptive if the relationship will be fitness reducing, and the decision should be biased
toward lowering the likelihood of the more costly error, which depending on the context may be either errone-
ously not forgiving or forgiving. Building on such conceptualization, we developed two cognitive models and ex-
amined howwell they described participants' forgiveness decisions in hypothetical scenarios and predicted their
decisions in recalled real-life incidents. We found that the models performed similarly and generally
well—around 80% in describing and 70% in prediction. Moreover, this modeling approach allowed us to estimate
the decision bias of each participant;we found that the biaseswere generally consistent with the prescriptions of
signal detection theory and were directed at reducing the more costly error. In addition to testing mechanistic
models of the forgiveness decision, our study also contributes to forgiveness research by applying a novel exper-
imentalmethod that studied both hypothetical and real-life decisions in tandem. Thesemodels and experimental
methods could be used to study other evolutionarily recurrent problems, advancing understanding of how they
are solved in the mind.
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“Forgiveness is the bridesmaid; cooperation is the bride.”
[Michael McCullough, Beyond Revenge: The Evolution of the Forgive-

ness Instinct]
1. Introduction

Recurrent cooperative relationships are widespread in humans and
other social animals (Dugatkin, 2002). Because such relationships are
often threatened by harm arising from conflicts of interests, communi-
cation errors, or mere random noise, choosing an appropriate action in
the aftermath of harm is a crucial evolutionarily recurrent problem
that social animals would have evolved mechanisms to solve (Aureli,
Cords, & van Schaik, 2002). Harm can, but need not, result in revenge
and the termination of cooperation; agents may instead choose to
forgive the “harmdoer” and to continue the relationship (McCullough,
Kurzban, & Tabak, 2013). Because forgiveness can be fitness enhancing
by maintaining cooperation over time (Godfray, 1992), deciding
whether to forgive is a key decision of cooperation.
Understanding cooperation among nonkin has received significant
research attention in the last decades. The first part of this endeavor
has been to explainwhy an agent performs costly actions to benefit an-
other. Inspired bywork on reciprocal altruism (Trivers, 1971) and game
theoretical insights (Axelrod, 1980; Boyd & Richerson, 1992), re-
searchers have made major advances in understanding how cheaters
are curbed so that cooperation can be beneficial (Kurzban, Burton-
Chellew, &West, 2015). The second part has been to clarify how agents
cooperate, which has been referred to as creating “high-resolution
maps” of the intricate proximate phenotypic mechanisms (Cosmides
& Tooby, 1992). Unlike understanding why, mechanistic understanding
is still nascent (Bshary & Oliveira, 2015). It is an open question what
computational rules are used to process information in decisions
regarding forgiveness and cooperation (e.g., Schacht & Grote, 2015).

Likemost evolutionarily recurrent tasks, decisions about forgiveness
are made under uncertainty and feature asymmetric costs and benefits
(McCullough et al., 2013). One way of conceptualizing how this
asymmetry may shape the decision process is through the lenses of sig-
nal detection theory (SDT;Green& Swets, 1966) and errormanagement
theory (EMT; Haselton & Buss, 2000;McKay & Efferson, 2010). Between
the two theories, SDT provides a precise formulation of how cost–
benefit tradeoffs should be made while EMT applies these principles
to explain the existence of biases in evolved cognitive systems.
Specifically, because errors are inevitable in uncertain environments
ess decisions, Evolution and Human Behavior (2016),
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Table 1
Possible outcomes of forgiveness decisions.

Decision
Nature of the harmdoer

Ally Foe

Forgive True positive False positive
Do not forgive False negative True negative

Note. An ally denotes an agent with whom a relationship will bring more fitness benefits
than costs, whereas a foe is the reverse.
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and have different costs, adapted systems of cognition are biased to
guide behavior toward incurring the less costly error (Haselton &Nettle,
2005). Thus, biases are design features rather than defects and should
be calibrated by the relative effects of errors on fitness.

In this light, we investigated decisions about forgiveness as signal
detection tasks and expected the decision processi to resemble that of
similar tasks. This perspective allowed us to hypothesize about the
characteristics of the decision process and the contexts in which biases
toward or against forgivenesswould occur. For example, given the same
harm situation, we would expect agents to be biased toward forgiving
those with whom they have fitness interdependencies and biased
against forgiving others with whom they have unrewarding relations
(McCullough et al., 2013).

The focus of our study is on forgiveness decisions and its potential in-
terpersonal consequences.ii We first specified the structure of the task
and its possible cognitive solutions, and then investigated how forgive-
ness decisions could be described and predicted by twomodels: a com-
pensatory weighting-and-adding linear model and a noncompensatory
fast-and-frugal heuristic. Both models incorporate the essentials re-
quired to make cost–benefit tradeoffs but make different assumptions
about cognitive implementation. The parameters estimated in these
models allow us to test predictions regarding the impact of error costs
on the direction and magnitude of bias. Beyond forgiveness decisions,
this modeling approach can potentially be applied to understand how
agents solve other evolutionarily recurrent problems under uncertainty
(e.g., Johnson, Blumstein, Fowler, & Haselton, 2013).
1.1. Forgiveness as signal detection

1.1.1. The framework
Forgiveness functions to maintain relationships after conflict and

enable continued cooperation between the victim and the harmdoer
(Burnette, McCullough, Van Tongeren, & Davis, 2012; McCullough,
Fincham, & Tsang, 2003). From this perspective, forgiving is adaptive if
the harmdoer is an ally but not a foe. We use the term ally to refer to
an agent with whom a relationship will result in more fitness benefits
than costs, and foe as one with whom a relationship will result in
more costs than benefits (McCullough et al., 2013; Tan & Luan, 2015).
Table 1 displays the four possible outcomes of forgiveness decisions:
Correct decisions are when an ally is forgiven (true positive) and a foe
is not (true negative) and incorrect decisions are when a foe is forgiven
(false positive) and an ally is not (false negative).With a true positive, the
victim gains the net benefits from the relationship with the ally, and
with a false negative, the victim misses out on those benefits. On the
flip side, with a false positive, the victim faces the net exploitation
i There has been debate about whether bias occurs on the level of perception or deci-
sion (e.g.,Marshall, Trimmer, Houston, &McNamara, 2013;McKay & Efferson, 2010). A re-
cent study on gender differences in the perception of sexual interest has identified bias as
occurring on the level of decision (Perilloux & Kurzban, 2015). Following this and other
modeling studies in SDT (e.g., Pleskac & Busemeyer, 2010), we assume that biases in for-
giveness decisions occur at the decision level.

ii Forgiveness also has many intrapersonal consequences on the individual's physical
and psychological health (e.g., Wade, Hoyt, Kidwell, & Worthington, 2014; Worthington,
2005). Nevertheless, the intrapersonal consequences are likely to be side effects of the in-
terpersonal consequences rather than the main driver for the evolution of forgiveness.
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costs of the relationship with the foe, and with a true negative, the
victim is spared those costs.

Informed by SDT, we assume that there are two subprocesses
involved in the decision of whether to forgive: judging the strength of
evidence that the harmdoer is an ally and setting an appropriate bias,
or decision criterion. Forgiveness is chosen when the evidence strength
exceeds the decision criterion (see Fig. 1). Setting a liberal criterion
means forgiving even when the evidence is weak, indicating a bias
toward forgiving, whereas a conservative criterion means forgiving
only when the evidence is strong, indicating a bias against forgiving.

When an agent has a high prosocial concern for the other's welfare
relative to its own, the agent is more likely to make sacrifices and
provide fitness benefits to the other (e.g., Struthers, Eaton, Santelli,
Uchiyama, & Shirvani, 2008; Tooby& Cosmides, 2008). Thus, the greater
the harmdoer's inferred prosocial concern for the victim, the stronger
the evidence that the harmdoer is an ally. However, strong evidence is
no guarantee that the harmdoer is indeed an ally, because evidence is
inferred from past and current observations, which are imperfectly
linked to the future, and it is likely to be perceived with noise. As
such, there is inherent uncertainty in the decision, which is illustrated
in Fig. 1 by the overlapping evidence-strength distributions of allies
and foes.

Given this uncertainty, where should thedecision criterion be set? In
other words, how strong must the evidence strength be for the
harmdoer to be forgiven? The selection of the criterion reflects a
trade-off: Assuming that the two distributions are fixed, a liberal criteri-
on reduces the likelihood of a false negative (i.e., not forgiving an ally) at
the expense of increasing that of a false positive (i.e., forgiving a foe),
and a conservative criterion has the opposite effect. To lower the total
cost of errors and increase the expected benefits of the decision, a liberal
criterion should be adoptedwhen false negatives are costlier, and a con-
servative one when false positives are costlier.

1.1.2. Predictors of forgiveness
Given that forgiveness decisions are made in a wide variety of con-

texts that vary in cost–benefit asymmetry, decision makers need to
judge the evidence strength and cost of errors by processing informa-
tion in the environment that is predictive of the two. In this section
we review somepredictors examined in thepresent study (summarized
in Table 2).

Evidence strength. Judging the harmdoer's prosocial concern or the
strength of the evidence that the harmdoer is an ally requires insight
into the mental state of the harmdoer. To this end, the victim may con-
sider the harmdoer's intent to harm, whether the harmdoer was to
blame for the harm, and whether a sincere apology was offered. These
three cues or predictors were taken from ameta-analysis of forgiveness
involving 175 studies (Fehr, Gelfand, & Nag, 2010). They were the
variables identifiedwith the strongestmain effects on forgivenesswith-
in the category related to making sense of a harm and the harmdoer.
The other two variables in this category, harm severity and rumination,
were not indicative of the harmdoer's mental state and hence were not
included in the present study. Of the three, intentwas found to have the
strongest effect on forgiveness, followed by apology and blame. In addi-
tion to being well studied, the level of abstraction of these cues makes
them relevant across a wide range of forgiveness contexts.

With an intent to harm, the harmdoer is inferred to have the goal of
reducing the victim's fitness, or at the very least, to be indifferent to the
impact the action would have on the victim's welfare (e.g., Malle &
Knobe, 1997; Struthers et al., 2008; Weiner, 1995). Intention to harm
is thus a strong cue that the harmdoer is likely to repeat the harm and
that the strength of the evidence that the harmdoer is an ally is low
(Petersen, Sell, Tooby, & Cosmides, 2012).

The concept of blame is closely related to attributions of responsibility
and accountability (Weiner, 1995). Blame is assignedwhen a harmdoer's
actions directly led to the harm done or when the harmdoer could have
prevented the harm (Alicke, 2000). Blame is generally less indicative
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Fig. 1. The assumeddistributions of allies, f(x/Ally), and foes, f(x/Foe), on the continuumof evidence strength. Given that f(x/Ally) and f(x/Foe) arefixed, a liberal criterion (top) reduces the
probability of false negatives at the expense of a higher probability of false positives, whereas a conservative criterion (below) has the opposite effect.

3J.H. Tan et al. / Evolution and Human Behavior xxx (2016) xxx–xxx
than intent, because a harmdoer who caused the harm could have done
so accidentally rather than out of malice. Nevertheless, blame indicates
a propensity to harm and thus is a cue that weakens the evidence
strength.

An apology is a reparative gesture offered by the harmdoer, and
when sincere, it communicates remorse and repentance (Dhami,
2012; Schlenker & Darby, 1981). It is an attempt by the harmdoer to
be seen as benevolent, deserving of forgiveness, and is in general an ef-
fective technique for promoting relationship repair (Fehr et al., 2010;
McCullough, Pedersen, Tabak, & Carter, 2014; Strelan,Mckee, & Feather,
2015). A sincere apology can also be seen as a promise by the harmdoer
to increase future prosocial concern (Sell, 2011), as well as an indication
that the harmdoer highly values the relationship with the victim
(Ohtsubo & Yagi, 2015). In general, a sincere apology is a cue that
strengthens the evidence that the harmdoer is an ally.

Decision criterion. When assessing the cost of a false negative,
the victim may consider the perceived relationship value (RV) of the
harmdoer – that is, how beneficial a future relationship with the
harmdoer will be (Burnette et al., 2012) – and the greater the RV, the
greater the cost of not forgiving if the harmdoer is an ally. Additionally,
Table 2
Predictors of forgiveness examined in the present study.

Subprocess Predictor Description

Judging
evidence
strength

Intent to harm
Harmdoer had the goal of
reducing the offended's fitness.

Blame for harm Harmdoer caused or could have
prevented the offended's fitness loss.

Sincere apology Harmdoer's reparative gesture
communicated remorse and repentance.

Selecting
decision
criterion

Relationship value
Potential fitness gains from
resuming interaction with harmdoer.

Exploitation risk Potential fitness costs of resuming
interaction with harmdoer.

Please cite this article as: Tan, J.H., et al., A signal-detection approach to m
http://dx.doi.org/10.1016/j.evolhumbehav.2016.06.004
the cost of a false positive can be informed by the perceived exploitation
risk (ER) of the harmdoer – that is, howmuch harm the harmdoer may
cause in future interactions– and the greater a harmdoer's ER, the great-
er the cost of incorrectly forgiving.

In sum, when a harmdoer is perceived to have high RV and low ER
(HRV_LER), the decision criterion should be liberal to reduce the
likelihood of a false negative; in contrast, when the RV is low and the
ER is high (LRV_HER), the decision criterion should be conservative to
lower the likelihood of a false positive. Indeed, it has been found that
individuals who perceived their harmdoers as “HRV_LER” were more
likely to forgive than thosewhoperceived their harmdoers as “LRV_HER,”
even after controlling for variables of evidence strength (McCullough,
Luna, Berry, Tabak, & Bono, 2010).
1.2. Modeling forgiveness decisions

How are the many predictors integrated into a decision about
whether to forgive? We propose two models that make different
assumptions about how the mind estimates the evidence strength and
implements the criterion: Franklin's rule (FR), a compensatory
weighting-and-adding linear model, and fast-and-frugal trees (FFTs), a
noncompensatory simple heuristic.
1.2.1. A linear model: Franklin's rule
Linear models have been the archetypical models of human judg-

ment and decision making (Gigerenzer & Murray, 1987; Hammond,
1996; Harries, Evans, Dennis, & Dean, 1996). They assume that individ-
ualsweight cues by their importance and add theweighted components
up to form a continuous judgment of the evidence. This judgment is
then compared to a criterion to arrive at a decision. Due to this
procedure, linear models are compensatory: An undesirable value in
one cue (e.g., an intent to harm) can be compensated for by a desirable
value in another (e.g., a sincere apology), so that a positive decision
(e.g., “forgive”) may still be made.
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Fig. 2. Fast-and-frugal trees (FFTs). Left: An illustration of how an offended individualmightmake a forgiveness decision using an FFT. Right: The four exit structures of an FFT, with C1, C2,
and C3 representing three evidence-strength cues in a fixed order. From left to right, the FFTs become less and less liberal andmore andmore conservative, andwe name each FFT accord-
ing to its expected decision bias.

iii
With a profile [1, 0, 0], the four FFTs from left to right in the right panel of Fig. 2 will

make the decisions “forgive,” “forgive,” “not forgive,” and “not forgive” at the 1st, 1st,
3rd, and 2nd cue, respectively. For the profile [0, 1, 1], the four FFTswill make the decisions
“not forgive,” “forgive,” “not forgive,” and “not forgive” at the 1st, 2nd, 1st, and 1st cue, re-
spectively. Each of the four FFTs searched the same number or fewer cues to make a “for-
give” decision andmore cues tomake a “not forgive” decision for profile [1, 0, 0] than [0, 1,
1], showing that the evidence for “forgive” is stronger in the former.
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FR is a linearmodel that dealswith discrete-valued cues (e.g., Dhami,
2003; Goldstein & Gigerenzer, 2002) and assumes that cues are inte-
grated with the following formula:

E ¼
XM

m¼1

wmxmX
wm

ð1Þ

where E is the overall evidence strength, M is the total number of
cues, wm is the positive-valued weight of each cue, between 0 and 1,
and xm is a binary value of a cue: It is “1” if the cue is positively related
to evidence strength and is present (e.g., there is a sincere apology) or
if the cue is negatively related to evidence strength and is absent
(e.g., there is no intent to harm); and it is “0” if a positive cue is absent
(e.g., there is no sincere apology) or if a negative cue is present
(e.g., there is an intent to harm). After forming the evidence strength
E, which is a number between 0 and 1 (inclusive), a decision criterion
xDC is applied to make the decision; that is, forgive if E N xDC, and not
forgive if otherwise.

Linear models, such as FR, have been supported as valid descriptive
models for various tasks of judgment and decision making
(e.g., Anderson, 1971; Brehmer, 1994; Hammond, 1996). However,
such models make cognitive demands that can be taxing on decision
makers (e.g., Payne, Bettman, & Johnson, 1993). Alternatively, decision
makers may use heuristics that search cues sequentially and lead to
decisions without considering all information.

1.2.2. A heuristic: FFTs
Heuristics are simple decision strategies that can be implemented

with little computation and information (Gigerenzer & Goldstein,
1996; Gigerenzer, Hertwig, & Pachur, 2011; Gigerenzer, Todd, & the
ABC Research Group, 1999). They are also referred to as rules of thumb
and have been proposed to underlie much of human and animal deci-
sion making (Hutchinson & Gigerenzer, 2005). FFTs are lexicographic
heuristics that assume that individuals look up relevant cues in order
of importance and make a decision once a cue value is found to favor
one option (Martignon, Katsikopoulos, & Woike, 2008).

Formally, FFTs are a special class of decision trees that have m + 1
decision exits, with one exit for each of the first m − 1 cues and two
exits for the last cue (Luan, Schooler, & Gigerenzer, 2011). The exit in
an FFT indicates the decision option (e.g., “forgive” or “do not forgive”),
and an exit occurs when the condition set on a cue ismet (e.g., if there is
no intent to harm, then forgive). In contrast to linear models, FFTs are
noncompensatory models of decision making: Desirable values on
cues lower in the search hierarchy cannot overturn the decision
Please cite this article as: Tan, J.H., et al., A signal-detection approach to m
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following an undesirable value on the cue that is searched earlier. We
use the FFT shown in the left panel of Fig. 2 as an illustration. In this
FFT, the cues are examined in the order of intent, blame, and apology,
and a decision is made as follows:

Step 1: Did the harmdoer intend to harm? If no, forgive; if yes, next step;
Step 2: Wastheharmdoer tobeblamed? Ifyes,donot forgive; ifno,next step;
Step 3: Did the harmdoer apologize sincerely? If yes, forgive; if no,

do not forgive.

With this FFT, all harmdoers who had no intent to harm will be
forgiven, regardless of the values of the other two cues.

The exit structures of FFTs – that is, the decision exits associated with
the topm− 1 cues – correspond to different decision criteria (Luan et al.,
2011). For example, with three cues, there are 23–1 = 4 possible exit
structures, shown in the right panel in Fig. 2. The trees are listed from
the most liberal on the left to the most conservative on the right. Within
the context of forgiveness, we refer to them as the loving tree, less-loving
tree, less-spiteful tree, and spiteful tree, respectively. Unlike the decision cri-
terion in FR, which can theoretically take any value within the range, the
number of exit structures limits the number of possible criteria in FFTs.

As with the decision criterion, the evidence strength is also represent-
ed in a discrete form in an FFT. Specifically, a harmdoer's evidence
strength can be expressed as a cue profile such as [1, 0, 0], where each
number indicates whether the value of a cue strengthens (“1”) or
weakens (“0”) the evidence and the numbers are presented in the order
of how cues are searched. For example, if the cue order is intent, blame,
apology, a cue profile of [1, 0, 0] indicates that there was no intent, the
harmdoer was to be blamed, and there was no sincere apology;
there are in total 23 = 8 possible cue profiles given three cues (see
Table 3 for cue profiles used in the present study). Because FFTs are
noncompensatory, a cue profile with 1s appearing more to the left
(e.g., [1, 0, 0]) represents stronger evidence in comparison to another pro-
file with 1s appearing later (e.g., [0, 1, 1]). This means that using an FFT
with a particular cue order, it would be easier to “forgive” and harder to
“not forgive” a harmdoer with the former profile than with the latter.iii

Like other noncompensatory heuristics (e.g., Brandstätter,
Gigerenzer, & Hertwig, 2006; Bröder, 2002), FFTs have been supported
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Table 3
Forgiveness rates across cue profiles in recalled and hypothetical decisions.

Cue
profilea

Intent
(−)b

Blame
(−)b

Apology
(+)b

Frequency in
recalled incidents
(n = 181)

Forgiveness rate

Recalled
(%)

Hypothetical
(%)

1 N Y Y 21 76.2 88.4
2 Y Y Y 14 71.4 59.9
3 N Y N 78 43.6 56.6
4 Y Y N 45 22.2 10.2
5 Y N Y 0 – 67.5
6 Y N N 1 100 29.8
7 N N Y 5 100 −
8 N N N 17 82.4 −

a The upper half of the table contains the cue profiles that were each reported by more
than 10% of theparticipants in the recalled incidents. They are listed indescendingorder of
forgiveness rates. In the lower half of the table, there are two cue profiles (7 and 8) that
were not included in the hypothetical decisions.

b For intent, a value of “Y″ indicates that the harmdoer had the intent to harm. Because
this cue is negatively associated with evidence strength, the cue value was coded as 0 in
the Franklin's rule models; the same applies for the other negative cue blame. However,
for apology, a value of “Y″ indicates that the harmdoer offered a sincere apology. This
cue is positively associated with evidence strength and thus its value was coded as 1 in
the Franklin's rule models.
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as valid descriptive models in a variety of domains (e.g., Luan et al.,
2011). However, studies that compared FR and FFTs have mixed
findings. For example, bail judges' decisions were better described by
FFTs (Dhami & Ayton, 2001; Dhami, 2003) and traffic judges' decisions
were better described by FR (Leiser & Schatzberg, 2008), whereas
physicians' decisions about drug prescriptions were equally well
described by both (Dhami & Harries, 2001).

1.2.3. Summary
In sum, FR is a compensatory linear model whereas FFT is a

noncompensatory heuristic. Despite their differences in the assumed
cognitive implementation of the two subprocesses, both are well suited
as decisionmodels that embody SDT principles. Furthermore, both have
been supported as good descriptive models for decisions in other
domains, suggesting that they are plausible models for forgiveness
decisions, as well.

2. The present study

Viewing the decision of whether to forgive as a signal detection task,
we sought to answer two main questions: How well can forgiveness
decisions be described and predicted by the two models, FFTs and FR?
And is the selection of the decision criterion influenced by variables
that provide information on the cost of errors?

In our study, we first asked participants to recall a hurtful incident,
provide details about the incident and the harmdoer, and report
whether they had chosen to forgive. We then measured the subjective
importance of each of the three evidence-strength cues. After that, par-
ticipants made hypothetical decisions about the same harmdoer but
with varied values of the evidence-strength cues. These hypothetical
decisions enabled us to estimate the decision criterion adopted by
each participant. Finally, with all parameters either measured or
estimated, we applied the two models to predict the decision made by
each participant in the recalled incident.

Previous research investigated either recalled (e.g., Finkel, Rusbult,
Kumashiro, & Hannon, 2002) or hypothetical forgiveness decisions
(e.g., Shackelford, Buss, & Bennett, 2002; Struthers et al., 2008), but
have never used them in tandem to investigate a specific incident.
There also has been no study that compared how forgiveness decisions
can be described by different models, let alone with the hypothetical–
recalledmethod used in our study.We refer to our method as ecological
cross-validation, because it is a variation of the statistical method of
cross-validation (e.g., Zucchini, 2000), and the parameters are fitted in
hypothetical trials and used to predict real-life decisions.
Please cite this article as: Tan, J.H., et al., A signal-detection approach to m
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According to SDT, individuals set the decision criterion to reduce the
likelihood of themore costly error. For forgiveness decisions, we postu-
late that the perceived RV and ER of the harmdoer should inform the
cost of false negatives and false positives, respectively. Following this
reasoning, we hypothesized that the decision criterion would be more
liberal when RV exceeds ER and more conservative when it is the
reverse. Testing this hypothesis was made possible by our modeling
approach that allowed for the decision criteria to be estimated
and compared.

We tested this hypothesis in two ways. First, we took the difference
between RV and ER as reported by each participant (RV − ER, i.e., the
rating of RV minus that of ER) and used it as an index of the relative
cost of errors. Next, we derived the accuracy of a model with a specific
decision criterion (e.g., the loving tree) in fitting the hypothetical
decisions made by each participant, and then calculated the correlation
between RV − ER and model accuracy across all participants. The
hypothesis would be supported if RV − ER positively correlated with
the accuracy of the models with liberal criteria and negatively
correlated with those with conservative criteria. This is based on the
assumption that accuracy is an indication of the likelihood that partici-
pants adopted the decision criterion specified in the model.

Second, we focused on two groups of participants whose relative
cost of errors should differ markedly: those who rated the RV with the
harmdoer as high and the ER as low (HRV_LER) and those who rated
the RV as low and the ER as high (LRV_HER). The hypothesis would be
supported if more HRV_LER participants were found to adopt a liberal
criterion than LRV_HER participants and more LRV_HER participants
were found to adopt a conservative criterion than HRV_LER participants.

2.1. Method

2.1.1. Participants
Two hundred forty-nine participants (52.2% female, Mage = 33.7

years, age range = 18–70 years) residing in the United States took
part in this study. All were recruited via Amazon's Mechanical Turk
and were remunerated U.S. $1.00 for their participation. Fifteen partici-
pants (6 female) were dropped as they admitted that they had not paid
full attention or were confused at some point. We originally planned on
recruiting 250 participants.

2.1.2. Procedure and materials
Participants went through three phases in the study (see a summary

in Fig. 3) and provided demographic information before the study
was concluded.

Phase I: Recall. Participants were asked to recall an incident in the
last 6 months in which they had “felt wronged, let down, betrayed, or
hurt” by a friend, romantic partner, or colleague, and spent 1–2 min
writing about it. The harmdoer's initials were recorded and used in sub-
sequent sections to refer to the harmdoer. Participants then responded
to questions about the incident, provided details about their relation-
shipwith the harmdoer, and statedwhether they forgave the harmdoer.

Evidence-strength cues, including the perception of the harmdoer's
intention to hurt, howmuch the harmdoerwas to blame, and the extent
to which a sincere apology was offered, were measured usingmaterials
adapted fromprevious studies (Aquino, Tripp, & Bies, 2001;McCullough
et al., 2003; McCullough, Worthington, & Rachal, 1997). All three cues
were measured on a scale from 1 (not at all) to 7 (completely). Because
the models we tested use binary cues as input, we dichotomized the
cues by taking values above the mid-point (i.e., N 4) as present and
the rest as absent. Variables that indicate the costs of errors, that is, RV
and ER, were measured on a 7-point scale developed by Burnette et al.
(2012). Items include “Our relationship is very rewarding to me” (RV)
and “I feel like he/she might do something bad to me again” (ER).

The recalled forgiveness decision was measured both as a dichoto-
mous yes–no item (i.e., “Have you forgiven [initials of harmdoer]?”)
and as a continuous value using the subscales of avoidance and revenge
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Fig. 3. An overview of the experimental phases and their connectionswithmodel parameters in our study. Values of the three evidence-strength cueswere provided by the participants in
Phase I, andwemanipulated cue values in Phase III to create hypothetical decision scenarios. The cue weights/orders were measured in Phase II, and the decision criterion of a model was
estimated from participants' hypothetical decisions in Phase III.
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in the Transgression-Related Interpersonal Motivations Scale (McCullough
et al., 1998). Items include “I’m going to avoid him/her” (avoidance) and
“I want to see him/her hurt and miserable” (revenge).

Phase II: Measuring cue importance. For each of the three
evidence-strength cues, participants rated how likely they were to for-
give a harmdoer in an incident when the cue was present and when it
was absent, independent of other cues. The likelihoods were reported
on a sliding scale from0 (definitely not forgive) to 100 (definitely forgive),
and the absolute difference between the two was taken as the subjec-
tive importance of a cue for that participant.

To increase reliability, we created two semantically equivalent state-
ments for the presence/absence of each cue. For example, the presence
of blame was described in one as “You blame the person and you feel
that he/she has wronged you” and in another as “You feel that the
person has victimized you and you blame him/her.” Each participant
rated 12 statements, 3 Cues × 2 Values (present and absent) × 2
Versions, in a random order. For each cue, its measured importance
did not change between the two versions (see details in Results).

After data collectionwas concluded, we dropped participants whose
likelihoods of forgiving did not differ when a cue was present or absent
for at least 2 cues (n=6), participantswhose reported likelihoodswere
in the reverse directions (e.g., more likely to forgivewhen the blame cue
was present than when it was absent) for at least 2 cues (n = 17), as
well as participants who had the same cue importance for all cues
(n = 2). These were all indications that they were not attentive to the
task or did not fully understand the instructions.

Phase III: Hypothetical decisions. Participants indicated whether
they would forgive the harmdoer (yes–no) if the recalled incident had
unfolded differently as described in the hypothetical scenarios. In
these scenarios, we systematically manipulated the values of the three
evidence-strength cues by combining the statements in Phase II. There
were six cue–value combinations or profilesiv (see Table 3) with two
versions of each; thus, participants responded to a total of 12 scenarios
in randomized order.

We dropped participants who forgave in all 12 trials (n = 25) or
none (n = 18), because this showed that they either were insensitive
to the cues or did not fully understand the task instructions. After all
iv A full-factorial designwith three cueswould have yielded eight cue profiles. However,
two cue profiles yield scenarios where no offense was committed: The first is when the
harmdoer apologized but neither had the intent to hurt nor was blamed for the harm,
and the second is when the harmdoer did not apologize, but again, neither had the intent
to hurt nor was blamed for the harm. To avoid confusion, these two cue profiles were not
included.
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data-checking procedures, we were left with 181 participants who
were included in the main analyses described below.v

2.2. Results

2.2.1. Harmdoers and offenses
Harmdoers were friends (37.6%), romantic partners (34.3%), col-

leagues (18.8%), family members (7.7%), or “others” (1.7%). They were
female in 52.5% of all the incidents recalled and were the same gender
as the participant in 51.9% of the incidents. Excluding family members,
the length of the relationship with the harmdoer ranged from 6 days
to 40 years, with a median of 5 years. Offenses included infidelity
(e.g., “My long-time girlfriend cheated on me”), physical assault
(e.g., “Shewas drunk and acted very aggressively towardme”), canceled
appointments (e.g., “Hewas supposed to giveme a ride to an important
professional event, but cancelled at the last minute”), and lying
(e.g., “My colleague lied about me to the management in order to save
herself”), among others. Excluding one participant who indicated that
the incident was still ongoing, the reported length of time since the
offense had occurred ranged from 1 day to 10 years, with a median of
3 months.

2.2.2. Importance of evidence-strength cues
Themeasured importance of each cue did not differ significantly be-

tween the two versions of statements (see above), all psN .05; thus, we
took the average of the two versions as each cue's subjective impor-
tance. Overall, intent had the highest subjective importance (M =
63.7, SD = 24.5), followed by apology (M = 46.3, SD = 25.4) and
blame (M = 45.6, SD = 31.0). Similarly, intent had on average the
highest rank (1.5), with apology (2.2) and blame (2.3) ranked lower.

2.2.3. Cue profiles in recalled incidents
We classified each recalled incident by its cue profile, which is the

combination of binary evidence-strength cue values, and report the fre-
quency of each cue profile in Table 3. To the best of our knowledge, ours
is the first study to examine how the three evidence-strength cues are
distributed and related to forgiveness decisions in real life.

In general, the cue profileswere unevenly distributed, with four pro-
files reported by only 12.7% of the participants. An examination of the
presence of each cue revealed that blame was present in an
v Eighteen participants were dropped for more than one reason. For example, one par-
ticipant disclosed that he/she was confused and, not surprisingly, also rated at least 2 cues
the same when they were present and when they were absent.

odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Fig. 4. Relationship value (RV) and exploitation risk (ER). Left: A scatterplot of the reported RV and ER of the recalled harmdoers. The gray squares and the symbols highlight groups of
participants who rated harmdoers' RV and ER as “high” (i.e., ratings above 4.5) and/or “low” (i.e., below 3.5). For example, “LRV_HER” is the group of participants who reported simulta-
neously a low rating of RV and a high rating of ER. Right: the frequency distribution of RV− ER (i.e., the rating of RV minus that of ER) across all participants.
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overwhelming majority of the incidents (158 of 181) and was much
more common than intent (60) or apology (40). Moreover, there was
a curious relationship between blame and intent: When intent was
present, blame was also present in all but one case; however, when in-
tent was absent (121 cases), blame was still present in the majority of
them (99). Thus, it appears that intent is a sufficient but not necessary
condition for blame. When intent is absent, other factors may drive
evaluations of the blameworthiness, such as culpable control and fore-
sight (e.g., Alicke, Buckingham, Zell, & Davis, 2008).
2.2.4. Forgiveness rates
Among 181 participants, 49.7% reported that they had forgiven the

harmdoer for the recalled incident. Forgiveness was most common for
friends (60.3%) and romantic partners (58.1%) and least common for
colleagues (26.5%) and familymembers (21.4%).When participants for-
gave, they rated their motivation for avoidance and revenge lower than
when they did not forgive, Welch's t(201.9) = −22.71, p b .001 and
t(220.6) = −15.44, p b .001, respectively. This supports the validity of
measuring forgiveness as a dichotomous construct.

Table 3 shows that forgiveness rates varied for harmdoers with dif-
ferent cue profiles, and among the four more frequent profiles, their
rankings in forgiveness rate were similar in the recalled and the hypo-
thetical decisions. Furthermore, the rankings also appear sensible. For
example, we expected harmdoers with the intent–blame–apology pro-
file [N, Y, N] to be forgiven more frequently than those with the profile
[Y, Y, N], because intent is absent in the former but present in the latter,
and this is indeed what was observed.
vi At first glance, the high prevalence of lenient decision criteriamay seem contradictory
to the relatively low prevalence of forgiveness decisions (about 50%). However, decisions
are the joint output of the values of the evidence-strength cues and the decision criterion.
In particular, the recalled incidents and the hypothetical trials both featured cue profiles of
relatively low evidence strength.
2.2.5. Decision criterion variables
The average ratings of the perceived RV and ER of the harmdoer

were close to the mid-point of the 7-point scale, M = 4.1, SD = 1.6 for
RV and M = 4.2, SD = 1.5 for ER. RV and ER were negatively correlated,
r=−.35, p b .001, suggesting that harmdoers perceived as being high in
RV were also likely to be perceived as being low in ER, and vice versa (see
Fig. 4). For both RV and ER, we treated ratings above 4.5 as “high” and
below 3.5 as “low,” because of the ambiguity around the mid-point 4. Due
to the negative correlation between RV and ER, more participants were
classified as LRV_HER (n = 32) and HRV_LER (n = 35) than HRV_HER (n =
17) and LRV_LER (n = 13). We also took the difference between the two,
RV − ER, as an index of the relative cost of the two errors. As discussed,
we assumed that the greater the value of RV − ER, the more likely that
the cost of a false negative would outweigh that of a false positive. As
shown in Fig. 4, the distribution of RV − ER is normal and has a mean
close to zero (M=−0.1, SD=2.5).
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2.2.6. Model performance
Following the ecological cross-validation approach, we first tested

how well FFTs and FR fit participants' decisions in the hypothetical sce-
narios and then howwell themodels predicted participants' decisions in
the recalled incidents. This procedure was repeated 100 times and the
average results are reported. Fig. 3 summarizes howwemeasured or es-
timated the parameters required in eachmodel, andmore details of our
modeling method are provided in the Appendix A.

Estimated criterion. For both FFTs and FR, the decision criterion that
most accurately fitted each participant's hypothetical decisions was the
one that they were estimated to have adopted. We found that majority
of the participants were estimated to have adopted a liberal criterion:
For FFTs, 124 of 181 participants were estimated to have adopted either
the loving (64 participants) or the less-loving (60) trees; and for FR, 115
were estimated to have applied the criteria of xDC = .10 (66) or xDC =
.40 (49). This suggests that participants were generally more lenient
in deciding whether to forgivevi and may reflect the common view of
forgiveness being a moral good (e.g., McCullough, 2008).

Hypothetical decisions. Using the estimated decision criterion for
each participant, the average fitting accuracy of the hypothetical deci-
sions of each model was fairly high: 81.4%, 95% CI [75.7%, 87.0%] for
FFTs and 79.2%, 95% CI [73.5%, 85.1%] for FR. The accuracies of both
models were substantially higher than the base rate of decisions to for-
give (i.e., 52.1%). Comparing the models' accuracy at the participant
level, we found that on average the two models were equally accurate
for 74.1% of participants; FFTs were better than FR for 17.7% and FR
were better than FFTs for 8.2%.

The main reason why FFTs and FR performed so similarly is that the
two models produced the same decision outputs for 83.7% of the hypo-
thetical decisions. Moreover, the congruence of the two models with a
similar decision criterion was even higher (see Table 4). For example,
when the decision criterion was the most liberal (i.e., the loving tree
and FRwith xDC= .10), the congruence ratewas 95.0%; and the average
congruence rate across the four criteria was 92.8%. These results suggest
high levels of model mimicry between FFTs and FR and indicate that
both models could capture the participants' decision processes in the
hypothetical decisions.

Recalled decisions. For each participant, we fixed the decision crite-
rion for each model with what the participant was estimated to have
used. We then used the models with the fixed criterion to predict the
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Table 4
Congruence of fitted and predicted decisions between fast-and-frugal trees and Franklin's
rule.

Decisions With the
estimated
criteriona

With a fixed criterion

Most
liberal

Less
liberal

Less
conservative

Most
conservative

M

Hypothetical 83.7% 95.0% 89.1% 90.4% 96.5% 92.8%
Recalled 86.0% 96.7% 86.0% 96.1% 96.1% 93.7%

a The model with the decision criterion that led to the highest fitting accuracy in the
hypothetical decisions of each participant.
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recalled decision. Compared to its fitting accuracy in the hypothetical
decisions, each model predicted less accurately: 68.1%, 95% CI [61.3%,
74.9%] for FFTs, and69.2%, 95%CI [62.5%, 75.9%] for FR. This drop in accuracy
was expected in model testing using cross-validation procedures
(e.g., Brandstätter et al., 2006; Gigerenzer & Brighton, 2009), and with an
accuracy slightly lower than 70%, each model still predicted recalled deci-
sions substantially better than a naïve model that predicted not forgiving
in all recalled incidents because that decision was more prevalent (50.3%).

At the participant level, on average, both models predicted the
recalled decisions of 62.8% of participants correctly and those of 25.5%
incorrectly, while FFTs and FR each alone correctly predicted the
decisions of 5.3% and 6.4% participants, respectively. As with the
Fig. 5. Scatterplots showing the association between RV− ER (i.e., relationship valueminus exp
rule models that assumed a fixed decision criterion for all participants. Each plot contains the b
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hypothetical decisions, the high congruence between the two models'
decision outputs was the reason why they predicted at almost the
same level of accuracy (see Table 4).
2.2.7. Decision criterion selection
Wetestedourhypothesis that thedecisioncriterionadoptedbyparticipants

would depend on the perceived RV and ER of the harmdoer in two ways.
RV−ERandfitting accuracy. In this analysis,we focused on thehy-

pothetical decisions and examined the correlation between RV − ER
and the fitting accuracy of the models with a fixed decision criteria. As
shown in Fig. 5, RV− ER correlated positively with the accuracy of the
most liberalmodels (i.e., the loving tree and FRwith xDC= .10) and neg-
atively with the accuracy of the most conservative models (i.e., the
spiteful tree and FR with xDC = .90). The negative correlations also
held when the decision criteria of the models were less conservative
(i.e., the less spiteful tree and FR with xDC = .60), but the correlations
were no longer positive when the decision criteria of the models were
less liberal (i.e., the less loving tree and FR with xDC = .40). The same
pattern of results was also foundwhenwe correlated themodels'fitting
accuracies with RV and ER alone: RV was positively correlated with the
accuracy of the most liberal models and negatively with the accuracy of
the most conservative models, while the opposite pattern was found
with ER (all ps ≤ .01).
loitation risk) and the fitting accuracy of each of the fast-and-frugal trees and the Franklin's
est fitting regression line with the bivariate Pearson correlation r reported below.

odeling forgiveness decisions, Evolution and Human Behavior (2016),
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Fig. 6. The proportions of participants whose decision criteria were estimated to be either liberal or conservative in each type of model. The participants are from two contrasting groups:
HRV_LER (n=35), who gave a high rating of relationship value (RV) and a low rating of exploitation risk (ER) for the harmdoer, and LRV_HER (n=32), whose ratings on the two variables
were in the reverse directions. The lines signify the differences in proportion.
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Because fitting accuracy indicates the likelihood that a certain crite-
rionwas adopted, these results show that in general, the greater the cost
of false negatives relative to that of false positives (i.e., RV N ER), the
more likely that the decision criteria adoptedwere liberal and less likely
that they were conservative.

HRV_LERand LRV_HERparticipants. We also examined the decision
criteria estimated to have been adopted by two groups of participants:
HRV_LER, those who rated the RV with the harmdoer as high (i.e., N
4.5) and ER as low (i.e., b 3.5), and LRV_HER, whose ratings on the two
variables were the reverse. Recall that we hypothesized that the former
group should be more likely to adopt a liberal criterion (e.g., in FFTs,
either the loving or the less-loving tree) and less likely to adopt a con-
servative criterion (e.g., the less-spiteful or the spiteful tree) than the
latter group.

We calculated the proportion of participants in each group who
were estimated to adopt either a liberal or a conservative criterion.
The results are presented in Fig. 6. For FFTs, HRV_LER participants were
more likely to adopt a liberal criterion than LRV_HER participants
(80.0% vs. 50.0%), but LRV_HER participants were more likely to adopt a
conservative criterion than HRV_LER participants (50.0% vs. 20.0%),
χ2(1, 67) = 5.40, p = .02. Very similar results were found for FR, al-
though it was not statistically significant, χ2(1, 67) = 1.08, p = .30.
The general pattern of these results is consistent with our hypothesis.

Summary.Our hypothesis was based on the argument that adaptive
cognitive systems are biased in the direction of reducing the likelihood
of the more costly error. In the context of forgiveness, we assumed that
the costs of false negatives and false positives could be represented, at
least in part, by the perceived RV and ER of the harmdoer, respectively.
We tested the hypothesis in two ways and found support for it in both,
suggesting that individuals are concerned about error cost and are able
to manage it when deciding whether or not to forgive.

3. General discussion

The principles of SDT and EMT have been influential in the study of
adaptive behavior and have led to insights about biases acrossmany do-
mains (Haselton & Nettle, 2005; Johnson et al., 2013). However, empir-
ical studies on adaptive biases have rarely investigated how the biases
are implemented cognitively (see McKay & Efferson, 2010) and how
they are related to the integration of evidence-strength cues in decision
making. We addressed this gap in the literature by developing and test-
ing mechanistic models that make explicit assumptions about the cog-
nitive implementations of the two subprocesses assumed by SDT. The
twomodelswe tested, FFTs and FR,were both descriptive of forgiveness
Please cite this article as: Tan, J.H., et al., A signal-detection approach to m
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decisions even though theymake different assumptions about cognitive
implementation. Additionally, we showed that the decision biases
displayed in forgiveness decisions generally follow the qualitative pat-
terns predicted by SDT and EMT. In the following, we discuss some is-
sues related to the findings of our study and argue for the applicability
of our modeling and experimental approaches in other evolutionarily
recurrent task domains.

3.1. The ecological cross-validation approach

Onemethodological contribution of our study is the ecological cross-
validation approach, in which we estimated a key parameter of a model
(i.e., the decision criterion) in hypothetical decisions and applied it to
predict real recalled decisions. This approach enabled us to assess the
model's ability to predict the object of interest, that is, people's decisions
made in everyday interactions, an element often absent in othermodel-
ing studies.While this approach is able to produce ecologically valid and
practically relevant outcomes, a disadvantage is that it likely ignores
other relevant factors that impact real-life events. In the context of our
study, for example, a harmdoer may have previously demonstrated a
very high (or a very low) prosocial concern for the victim in other inci-
dents and through other cues than those we had measured, reducing a
model's ability to predict the victim's decision correctly.

This is one reason why there was about a 10% drop inmodel accura-
cy between fitting hypothetical decisions (≈80%) and predicting
recalled decisions (≈70%) for both FFTs and FR. Another reason is that
we estimated the decision criterion based on a very limited sample of
hypothetical decisions (i.e., 12 per participant). Previous studies have
shown that smaller samples typically result in a poorer precision of pa-
rameter estimation, making out-of-sample predictions less accurate
(e.g., Gigerenzer & Brighton, 2009). In light of thesemodeling difficulties
(i.e., predicting noisy real-life decisions on the basis of limited data), we
consider a near 70% prediction accuracy an achievement and take it as
evidence in favor of the overall soundness of our models. In any case,
it sets a first benchmark against which other models can be compared.

3.2. Model mimicry

In both fitting and prediction, FR and FFTs achieved remarkably sim-
ilar levels of accuracy, whichwas drivenmainly by the high congruence
rates between the two models' decision outputs (see Table 4). There
may be several reasons for this result: First, both models implement
the two decision subprocesses and have parameters corresponding to
them. Because theywere derived from the sameprinciples, the resulting
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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similar performance is not that surprising. Second, our study was not
designed to test which model would be a better descriptive one; that
would require a different methodology (e.g., Garcia-Retamero &
Dhami, 2009). Third, due to limited data and the possibility that partic-
ipants switch strategies across time,modelmimicry happens frequently
in model testing and it has largely been accepted in the literature
(e.g., Regenwetter, Dana, Davis-Stober, & Guo, 2011). Finally, it has been
shown that linearmodels and lexicographic heuristics lead to very similar
choices when there are only a few binary cues (Katsikopoulos, 2013).

Even though our results are not able to conclude whether individ-
uals use FFTs or FR in making forgiveness decisions, the decision envi-
ronment likely favors the use of heuristics. Todd, Gigerenzer, and The
ABCResearch Group (2012) argue that heuristics tend to perform better
in environments that are uncertain, have many decision alternatives or
few learning samples, as well as those where there is a high level of in-
formation redundancy. Many of these factors characterize the decision
environments of forgiveness, as well as many other evolutionarily re-
current tasks.

3.3. Relationship between evidence strength and decision criterion

In SDT (Green & Swets, 1966), variables affecting evidence strength are
assumed tobeorthogonal to those affectingdecision criterion. This assump-
tion, however, may not hold in real life and the two sets of factors can be
correlated.Whatever the ecological reasons for the correlation, they should
not affect the predictions made by our models and the conclusions of our
study, because orthogonality was not a requirement in our models.

Even if the orthogonality assumption is empirically violated, it is still
helpful to treat the two sets of variables as separate because of their dis-
tinct effects. For instance, a subordinatemay have no other choice but to
forgive a superior atwork regardless of the strength of the evidence that
the superior is an ally, because maintaining that relationship is so vital
that the criterion for forgiving has to be low (e.g., Aquino et al., 2001).
Similarly, a low criterion for forgiving may be set when a harmdoer is
a close associate of a highly-valued third party (e.g., a sibling's spouse)
and the cost of a false negative may also include the loss of benefits
from that third party (e.g., Descioli & Kurzban, 2011; Pietraszewski &
German, 2013). At the other extreme, there are cases, such as premed-
itated murders, where the evidence strength is so weak that forgiving
becomes impossible no matter where the decision criterion is set
(e.g., Daly & Wilson, 1988).

3.4. Connections with other systems

The forgiveness system does not exist in isolation but connects with
other systems for inputs and outputs. Depending on the decision, the
output may be passed on to the reconciliation (Worthington, 2006) or
the revenge (Petersen et al., 2012) system, and whether reconciliation
or revenge is achieved is then managed by a separate system of self-
control that regulates behavior to achieve the desired relational out-
come (Balliet, Li, & Joireman, 2011). Connecting forgiveness with these
output systems allows for decision and behavior to be disentangled:
An agent may decide to forgive but fail to reconcile with the harmdoer
because of poor self-control, among other reasons.

A necessary input to the forgiveness system is one that builds a rep-
resentation of the harmdoer's prosocial concern for the victim,which in
our study is conceptualized as the strength of evidence that the
harmdoer is an ally. This conceptualization is similar to the monitored
welfare trade-off ratio (WTR) of a relationship partner that an agent
may use in social decision making (Tooby, Cosmides, Sell, Lieberman,
& Sznycer, 2008). The higher a partner's WTR, the more likely she or
he is to make sacrifices to benefit the agent in the future, and thus the
more likely that a continued relationship with the partner will bring
more fitness benefits than costs.Whether ameasure ofWTR can replace
measures of evidence strength in our models is a topic we plan to ex-
plore in future studies.
Please cite this article as: Tan, J.H., et al., A signal-detection approach to m
http://dx.doi.org/10.1016/j.evolhumbehav.2016.06.004
3.5. Many variables of forgiveness

We investigated five variables related to forgiveness in this study
(Table 2), although more than 25 have been examined in a meta-
analysis (Fehr et al., 2010). Besides practical concerns, we wanted to
limit the number of variables investigated because decision makers
are known to be frugal with information use and do not search for and
consider all possible variables when deciding (Dhami & Ayton, 2001;
Gigerenzer et al., 1999). Moreover, the current framework suggests
that while decision makers need information that informs both the ev-
idence strength and cost of errors, only a fewwithin each category could
be sufficient.

Beyond the specific variables examined in our study, the framework
can be applied to organize the many variables of forgiveness according
to the subprocess of the decision they impact. One implication of this or-
ganization is that information search will be directed to the category
where information is lacking. For example, a decision maker who has
a good estimate of the harmdoer's prosocial concern (i.e., evidence
strength) will be less likely to search for additional information in this
category and will instead be motivated to seek out information about
the cost of errors to set the criterion.

3.6. Conclusion

The models we applied to investigate forgiveness decisions build on
conceptualizing such decisions as a signal detection task, and with this
modeling approach, we aimed to gain insights on the process of how
forgiveness decisions are made. Though the principal topic of our
study is forgiveness, the general theme is how decision makers handle
uncertainty and solve problems across contexts that vary in the fitness
consequences of the two decision errors. Forgiveness is one of many
natural decisions that can be understood from the perspectives of SDT
and EMT (e.g., Johnson et al., 2013; Oaten, Stevenson, & Case, 2009). Be-
cause many social decisions, such as revenge, social exchange, and the
maintenance of coalitions, are closely related to forgiveness and cooper-
ation, the same principles used to investigate forgiveness decisions are
likely applicable to those decisions as well. Our attempt is thus a dem-
onstration of the potential of SDT and EMT to uncover the structure of
adaptive cognitive mechanisms and open the proverbial “black box”
that has remained closed despite decades of research.
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Appendix A. Modeling Procedure

Wemodeled the forgiveness decisions using Franklin's rule (FR) and
fast-and-frugal trees (FFTs), with four decision criterion values within
each model. In the FR model, we examined xDC values of .10, .40, .60,
and .90, which approximate the decision criteria of the loving tree, the
less-loving tree, the less-spiteful tree, and the spiteful tree, respectively
(listed from liberal to conservative; see Fig. 2).

In addition to the decision criterion, the other parameters needed to
implement a model on each participant's decisions are the cue values
and the cue weights/orders (see Fig. 3). The cue values in the recalled
decision were taken from participants' reports of the incident
(e.g., whether they perceived that the harmdoer was to blame), where-
as the values in the hypothetical scenarios were given to the partici-
pants with statements. For example, the following was used in the
hypothetical decision phase to indicate that the harmdoer intended to
odeling forgiveness decisions, Evolution and Human Behavior (2016),
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harm and was blamed for the harm, but did not offer a sincere apology:
“You blame bharmdoer's initials N and you feel that he/she haswronged
you. You feel that bharmdoer's initials N has victimized you and you
blame him/her. The next time you meet, bharmdoer's initials N chats
but does not mention the incident.”

The cue weights/orders were estimated from a participant's re-
sponses in the absent/present procedure (see Phase II in Fig. 3). For
FR, the importance of each cue was divided by the sum of the impor-
tance of all three cues, and this was used as the weight for each cue
(see Eq. 1). For FFTs, the importance of each cue informed its cue
order. When cues were tied in importance, one was randomly selected
to be ordered first.

We first examined the hypothetical decisions and compared them
with the predictions of an FR or an FFT model with a particular decision
criterion (i.e., with one particular xDC or exit structure). We then chose
the xDC or exit structure, among the four examined in each model cate-
gory,whichmaximized amodel's accuracy for a participant in the hypo-
thetical decisions. If there was more than one maximizing value, we
chose one randomly. This procedure allowed us to estimate the decision
criterion for each model that each participant was likely adopting.
With all parameters fixed at their measured or estimated values, we
applied each model to predict the recalled forgiveness decision of
each participant.

We repeated themodeling procedure 100 times and the average re-
sults are reported. This is tomitigate the effects of random selection that
was done at two points in the modeling procedure: it was first used to
determine the cue order among the cues that tied in importance, and
second, it was used among the best fitting criteria of each model in
the hypothetical decision to select the criterion that the participant
was likely adopting. Random selection among the tied cues could im-
pact the models' accuracy in the hypothetical decisions but random se-
lection among the best fitting criteria will not. However, random
selection among the best fitting criteria could impact the model's pre-
diction accuracy in the recalled decision. This is because a model's pre-
diction accuracy may be affected by the criterion chosen (e.g., even if
the loving tree and the less loving tree fit the participant's hypothetical
decisions equally well, the former may lead to a correct prediction for
the recalled decision but the latter may not). The code used to conduct
the modeling procedure and analyze the results can be downloaded
from http://dx.doi.org/10.5281/zenodo.55327.
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