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Abstract

Although we represent other people in terms of both what they look like and how
they behave, these two aspects of person knowledge have rarely been studied togethe
While vision scientists have focused on the processing of faces and bodies, social
psychologists have focused on the cognitive construal of others. In this diseeitati
present a series of experiments that aim to better understand how we think about other
people by considering how we combine visual and non-visual knowledge in our person
representations. In particular, these experiments focus on one type of ioteba&ttveen
visual and non-visual social knowledge: the influence of social knowledge on face
perception. In the first part of the dissertation, | demonstrate that rapdhetkaffective
associations generalize to perceptually similar but novel faces. In thedgeart, |
examine the mechanisms underlying this type of learning generalizatitve. last part
of the dissertation, | present evidence from fMRI that different facial tceshare
associated with unique patterns of neural activity in ventral visual cartekexamine
the influence of social knowledge on these representations. Together, thesegdatt

that what we know about others can change the way we see their faces.
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I ntroduction

Although we represent other people in terms of both what they look like and how
they behave, these two aspects of person knowledge have rarely been studied togethe
While vision scientists have focused on the processing of faces and bodies, social
psychologists have focused on the cognitive construal of others. However, even though
these two types of information have been studied separately, they are in gt clos
related: From the perspective of vision science, it is important to keep in mincetha¢ w
social creatures, and the visual system itself was likely shaped lay smustraints.
Meanwhile, from the perspective of social psychology, it is important to note thaewe
visual creatures, and that much of our information about the world comes to us through
vision. In this dissertation, | present a series of experiments that airte¢olbelerstand
how we think about other people by considering how we combine these two types of

knowledge in our person representations.

There are different ways to go about studying the interaction betweeh visua
perception and social knowledge. On the one hand, it is possible to ask how vision
influences social knowledge: how do visual cues influence the types of sociahtefere
people draw? On the other hand, it is also possible to ask how social knowledge
influences visual perception: how does what people know influence what they perceive?
In the experiments presented here, | take the latter approach and | examseiadw
knowledge influences the perception of faces. | focus on faces because thagrage a
the most important social stimuli we encounter: they not only provide information about

identity, but they convey a wealth of other information as well. For instance, a simple



glance at someone’s face is enough to garner information about their gendergeace

emotional state, and direction of attention.

People are very good at learning to associate faces with behavioral idorma
(Carlston & Skowronski, 1994; Todorov & Uleman, 2002, 2003, 2004). Learning can be
triggered by minimal information: simply seeing a face paired withitaitin@lying
behavior for 2 s is enough for participants to form corresponding trait associations
(Todorov & Uleman, 2003). Moreover, these affective associations can persist
independently of memory for the behavior that originally triggered them, as seerkin w
with healthy participants (Carlston & Skowronski, 1994; Todorov & Uleman, 2002) and
patients with amnesia (Johnson, Kim, & Risse, 1985). Learning behavioral information
also changes judgments based on facial appearance: reading behaviaglatesc
influences ratings of physical attractiveness (Gross & Croften, 1977), face
trustworthiness (Todorov & Olson, 2008), and of physical similarity between pairs of
faces (Hassin & Trope, 2000). However, even though these findings demonstrate a
powerful link between faces and behaviors, a question remains: are changdsatiogva
of faces due to changes in the influence of conceptual knowledge or are they instead du

to change in the perception of the faces themselves?

In the following experiments, | approach this question from two different sngle
First, | examine how learning influences the evaluation of novel faces thatbiesthe
learned faces: to the extent that learning changes perception of leaegdiyfa might
expect it to influence the evaluation of perceptually similar novel fasegell. Second |

use fMRI to examine how learning influences identity representations iraveisual



cortex: if learning changes the perception of learned faces, we might exgeet

changes in the representations in this part of the brain.

Overview of Experiments

Different people have different (looking) significant others, friends, and foes. T
objective of the first part of this dissertation was to demonstrate thatdifiesent social
face environments could shape individual face preferences. To test this idéa, | h
participants learn to associate faces with negative, neutral, or positivedyghavi
Participants then evaluated new morphed faces that combined the novel faces with the
learned faces. The morphs contain only small percentages of the learnezhthties
categorization of the morphs as similar to the learned faces was not differenthé
categorization of actual novel faces. Nonetheless, the evaluation of the moq@sed fa
was affected by their perceptual similarity to the familiar faags) shat participants
evaluated morphs that were similar to negative learned faces more neghtavely
morphs that were similar to positive learned faces. This learning geaéaali effect
suggests that general learning mechanisms based on similarityccamiafor

idiosyncratic face preferences.

While the experiment in the first part of the dissertation serves as a talgorat
demonstration of learning generalization, the three experiments in threl s adapt
the paradigm developed above in order to investigate the processes by which physical
similarity influences the evaluation of novel faces. Across these exg@snparticipants
once again evaluated morphs that were similar to negative learned faces ratixelyeg

than morphs that were similar to positive learned faces. This learniegatjeation



effect was present when participants’ judgments of the morphs were a) basaty ot
facial appearance but also on relevant behavioral information (Experiment 2xig¢é)
under cognitive load (Experiment 2.3); and ¢) made under instructions not to use
similarity information (Experiment 2.3). However, learning geneafibn was
contingent on the ability to recognize the similarity of the morphs to thecédaces,
although it was also evident for truly novel faces that participants perceivixilas ®
the learned faces (Experiment 2.2). The findings of the experiments suggdsatning
generalization based on facial physical similarity is a powerful antiveliaautomatic

process, which likely influences face evaluation across a range of circuasstanc

In the last part of the dissertation, | use fMRI to examine how identity is
represented in the brain and how learning changes these representationse kégitipls
in the fusiform gyrus respond more strongly to faces than to other categoriesctd,obje
but whether this response reflects the categorical detection of fatesrecognition of
particular identities remains open to debate. Although univariate analyses riegion
have revealed adaptation for repeated versus novel identities, the results\atriate
analyses have been less conclusive. In this experiment, | tested whetheatios af
richer identity representations via training on visual and social informationhansé¢ of
an adaptation design, would reveal more robust representations of these idantities i
ventral temporal cortex. Examining the patterns of activation across voxelateral
fusiform gyri and right anterior temporal lobe, | identified unique patterns facplar
identities. Attaching distinctive biographical information to identities didimcrease the
strength of these representations, but did produce a grouping effect whersbydeze

represented more similarly to other faces associated with the saynatashsuch



information. Thus, identity exemplars are represented not only in anterior téthopera
but also in posterior visual areas thought to represent information at a categeatal |
The suggestive influence of biographical information in shaping these representations
provides additional evidence that 'visual' areas can be sensitive to other kinds of

information, including from the social domain.

In sum, the experiments presented in this dissertation examine how social
knowledge influences the visual perception of faces. While the first two parts of the
dissertation show how social knowledge can shape our evaluation of novel facast, the |
part moves on to examine how identities are represented in the brain and how social

knowledge influences these representations.



Part 1. Generalization of Affective L earning About Facesto

Per ceptually Similar Faces

(Adapted from Verosky & Todorov, 2010)

Although there is evidence that people agree when judging other people from
facial appearance (Hassin & Trope, 2000; Todorov, Said, Engell, & Oosterhof, 2008;
Zebrowitz & Montepare, 2008), there is also evidence that these judgmesds mefi
only properties of the face but also properties of the judge (Engell, Haxby, & Todorov,
2007; Honekopp, 2006). It is unlikely that these idiosyncratic “judge” contributions to
judgments simply reflect random noise across judges. For example, people have more
positive evaluations of faces that resemble themselves (Bailenson, |yéaga&
Collins, 2009; DeBruine, 2002, 2005). Thus, it seems that part of beauty really is in the

“eye of the beholder.”

Consistent with the familiar face overgeneralization hypothesis (Zelatd/896;
Zebrowitz & Collins, 1997), we argue that evaluation of novel faces is partiaidin
similarity to familiar faces. Individuals have different social intdoms and everyday
learning from such interactions could influence the evaluation of novel faces. For
example, in an early study, Lewicki (1985) showed that a short pleasant or umipleasa
interaction with an experimenter affected participants’ choices of eerparimenter.
Participants chose the person who resembled the experimenter (both had short hair and
eye glasses) when the interaction was pleasant, but chose the other persom (whg ha

hair and no glasses) when the interaction was unpleasant.



The goal of the current study was to test whether rapidly learned edfecti
associations with faces are generalized to novel faces that resembleilia¢ fares. To
the extent that evaluation of novel faces is influenced by their similarigyrtdiar faces,
this would suggest that “unique” individual face preferences might result fromraa@om

underlying process of learning generalization.

To design the experiment, we capitalize on two phenomena: categorical
perception of faces (Beale & Keil, 1995; Levin & Beale, 2000) and findings that social
judgments of faces are easily changed when people are provided with indorafatiut
the person (Bliss-Moreau, Barrett, & Wright, 2008; Carlston & Skowronki, 1994; Goren
& Todorov, 2009; Todorov & Olson, 2008; Todorov & Uleman, 2003). Categorical
perception of facial identity is indicated by a sharp boundary in perception of morphs of
faces that vary continuously (Levin & Beale, 2000). Differences between moibins
the identity boundary of the face are attenuated, whereas differences betwpbs am

the category boundary are accentuated.

In the experiment, participants learned to associate faces with positia|ner
negative behavioral information. Then, they evaluated morphs of these faces and novel
faces that were within the categorical boundary of the novel faces. Consisheptior
findings (Jacques & Rossion, 2006; Levin & Beale, 2000), a preliminary study found that
morphs containing more than 65% of one of the faces were identified as that face.
Correspondingly, in the main study, participants evaluated novel faces thahorgiged
with 20% or 35% of the learned faces. In an additional study, we further showed that
participants treated the morphs like completely novel faces. Specifiatidly Jearning

the associations of faces and behaviors, participants’ categorizatiomobrples as
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similar to the learned faces was indistinguishable from their catetjonizd actual

novel faces.

Despite the low similarity of the morphs to the learned faces, we expecdtdidetha
behavioral associations would influence the evaluation of the morphs. Specifically, nove
faces morphed with “negative” learned faces should be evaluated more negatively tha
faces morphed with “positive” learned faces. We also expected that timisitea
generalization effect should increase as a function of similarity.i$hidwe effect should

be stronger for 35% than 20% morphs.

Methods

Participants

Thirty-one undergraduate students participated in the preliminary studies for

partial course credit, and another 57 participated in the main study.

Stimuli

We used 54 photographs of men with neutral facial expressions from a set of
black-and-white photographs of bald males (Kayser, 1997). We selected nine
photographs of younger to middle-aged men to be used as the learned faces. These nine
faces were divided into three groups and participants learned to assochageces with
negative, neutral, or positive behaviors. The behaviors were chosen from a database of
four hundred behaviors based on goodness ratings (Fuhrman, Bodenhausen, &
Lichtenstein, 1989). The face and behavior groups were counterbalanced across

participants.



Procedures

Preliminary study 1. To determine the location of the identity boundary between
pairs of faces, we created a series of morphs. Participgmi$) were asked to
categorize each morph as looking like one or the other endpoint face (see Supplementary
Material at the end of this dissertation). Based on the results (Figure wd Bgcided to

use 20% and 35% morphs of the learned faces.

Learning. In the learning phase, participants were told that their task was to form
person impressions. They were presented with 9 faces paired with beha\gorgdtoiss
(e.g. “he stole money and jewelry from the relatives he was living witlt')aaked to
imagine the people pictured performing the behaviors — a procedure adapted §m Bli
Moreau et al. (2008) and Todorov and Uleman (2003). Each face was paired with three
different behaviors of the same valence: negative, neutral, or positive. Theviaree
blocked so that participants saw all nine faces paired with a first behavior,ithen w
second, and then with a third. Each time, the faces were shown in a different random
order. The presentation of the face-behavior pairs was self-paced anthgah
interval was 1000 ms. After seeing each face paired with three behaviorspaaisic
saw the faces alone and were asked to indicate whether each one was greviousl
presented with negative, neutral, or positive behaviors. Participants recedieddee
about their accuracy. If a participant gave an incorrect response, theashwf the
nine faces paired with another behavior of the same valence and then completed another
test round. This continued until the participant reached 100% correct or completed eight
test rounds. Each face was paired with at most five different behaviors beftaeethe

behavior pairs were repeated.
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Figure 1.1. The category boundary between faces. (A) Example of stimuli used in the
experiment. The top row shows morphs containing 20% of the learned face shown in the
box on the left. The bottom row shows morphs containing 35% of the learned face. (B)
Percent of the time participantd<16) identified morphs as looking like the original face

as a function of the percent of the original face present. Error bars reptasdard

error of the mean.
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Preliminary study 2. After the learning phase, participani$=@5) were told that
they would see learned faces, faces similar to the learned faces, and res/el fiay
were asked to categorize each face as learned, similar to learned, oaolewaEicipant
saw 9 learned faces, 36 morphed faces, and 9 novel faces in a random order. The
morphed faces were the same as those used in the evaluation phase of the main

experiment (see Supplementary Material).

Face evaluation. In the evaluation phase of the main experiment, participants
were told that we were interested in first impressions and that they wallchee both
learned and novel faces. Prior work has demonstrated that trustworthiness jsdgment
provide a good approximation of valence evaluation of faces (Oosterhof & Todorov,
2008) and, therefore, participants were asked to rate the faces on trustworthicies$. Ea
the 9 learned faces was morphed with 4 of 36 novel faces at two different levels of
morphing (20% and 35%), using code from Steyvers (1999). Half of the novel faces were
shown at one morphing level and half at the other, and these were counterbalargsed acr

participants.

Each trial started with a 500-millisecond fixation cross. The faceinech@n the
screen until the participant responded using the number keys from 1 (not at all
trustworthy) to 9 (extremely trustworthy). Each participant ratefhe¢s twice, and each

time, the faces were shown in a different random order.

The design was a 3 (Valence of learning: positive vs. neutral vs. negative) X 2

(Morphing: 35% vs. 20% learned faces) repeated measures analysis of variance

11



Results

Preliminary studies

At the 20% morphing level, the similarity between the morphs and the original
face was difficult to detect (Figure 1.1A), and the morphs were almosfsalwa
categorized as looking like the other endpoint face (Figure 1.1B). At the 35% morphing
level, the morphs were categorized as looking like the latter face more ghéyfeie

percent of the time.

The additional preliminary study further showed that the morphs weredtii@sate
novel faces (Figure 1.2). On the majority of trials, participants categbtite morphs as
novel facesl=.74,3D=.16) and almost never categorized the morphs as learned faces
(M=.02,3D=.03). These proportions were not significantly different from the respective
proportions for actual novel facds<l. Although participants sometimes categorized the
morphs as similar to the learned fadéls-(24,SD=.16), this was not different from the

categorization of novel faces as simitar] (see Supplementary Material).

12



Learning

In the learning phase of the main experiment, slightly more than 50% of
participants correctly identified the face-behavior associationstafbetest rounds, 75%
were able to do so after four rounds, and 100% were able to do so after eight test rounds.
Comparing the judgments of the learned faces, there was a large effecvafence of
the behaviorf(2, 112):93.57p<.001,;1p2:.63. Participants evaluated faces that were
previously associated with negative behavids3.02,SD=1.35) more negatively than
faces that were associated with neutral behavids%(50,5D=1.15),1(56)=10.90,
p<.001. In turn, they rated the latter more negatively than faces that werai@sbadth
positive behaviorsM=6.56,90=1.59),1(56)=4.54 p<.001. Only 3 out of 57 participants
did not rate faces associated with positive behaviors more positively thandacemged
with negative behaviors. The remaining analyses were conducted on the 5pgragici
who showed evidence for learnindt should be noted that this is a liberal criterion of
learning. By a more strict criterion, the judgments should reflect stn&ing of the

associations: positive>neutral>negative. This was the case for only 35paauts.
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Figure 1.2. Similarity detection. (A) Example of a learned face, a 35% morph of this
face, and a completely novel face. (B) Percent of the time participaetpdaed faces
as learned, similar to learned, or new by type of fBisd.§). Error bars represent
standard error of the mean.
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L earning gener alization

As expected, participants rated novel faces morphed with “positive” learnad face
(M=5.25,9D=.94) more positively than faces morphed with “neutri=6.20,9D=.87)
or “negative” facesNI=4.99,9D=.90), F(2, 106):3.09p<.05,;1p2=.06. There was also a
significant main effect of morphing so that 35% morphs were evaluated more pypsitivel
than 20% morphd;(1, 53):11.14p<.002,;7p2:.17. Importantly, these two main effects
were qualified by a significant interactidf(2, 106)=3.81p<.03,;1p2=.07, indicating that
the learning generalization effect was more pronounced for the 35% than 2&9the

morphs.

Although for the 20% morph condition, participants did evaluate morphs of
positive faces more positively than morphs of negative faces (Figure 1.3A),abe eff
was not significant-s<1 for the overall effect and the linear contrast. When the analysis
was limited to the 35 participants who showed the expected relative ranking efllearn
faces according to their valence, the linear contrast reached alaigmficance (Figure
1.3B),F(1, 34):3.46p<.071,;7p2:.09. For the 35% morphs, the effect of behavior
valence was significant (Figure 1.3€)2, 106):5.93p<.004,;7p2:.10 for the overall
effect, and~(1, 53):9.59p<.003,;7p2:.15 for the linear contrast. The linear effect was
stronger for participants who showed the expected relative ranking of leacesd fa

(Figure 1.3D)F(1, 34)=10.48p<.003,7,°= .24 for the linear contrast.
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Figure 1.3. Behavioral results demonstrating learning geneatibn. (A) Mear
trustworthiness ratings of the morphs containinge2i the learned faceN=54). Error
bars in this graph and the followi graphs represent standard error of the mear
Mean trustworthiness ratings of the morphs contgji2i0% of the learned faces
participants who showed the expected relative rankf learned face ratingN=35). (C)
Mean trustworthiness ratings o'e morphs containing 35% of the learned faN=54).
(D) Mean trustworthiness ratings of the morphs awmmtg 35% of the learned faces
participants who showed the expected relative rapkf learned face ratingN=35).

Discussion

Our findings provie a laboratory demonstration of a phenomenon teatugpec
occurs in everyday life. The evaluation of novelds is affected by their percept
similarity to familiar faces. This similarity bec@® a vehicle for transfer of affecti

associations frorthe familiar to the novel faces. In the main expemt, participant
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first learned to associate faces with behaviors that varied in valedd¢hen evaluated a
second set of faces, which had been subtly manipulated to resemble the learned faces.
Even though the learning that took place in this experiment pales in comparison to the
type of learning that occurs in the real world, it affected participanigassions of the
novel faces. Faces that resembled “positive” faces were evaluateghosdreely than

faces that resembled “negative” faces. This learning generafizftect increased as a
function of the similarity of the novel to the learned faces. The finding thatiparits

did not perceive the morphed faces differently from completely novel facesssutjus
conscious recognition of similarity may not be necessary for learningaigagon. The

experiments in the next part of the dissertation explore this possibility.

Our findings provide additional experimental support for the familiar face
overgeneralization hypothesis (Zebrowitz, 1996). Previous tests of this hypdihesi
focused on familiarity at a group level, demonstrating that greater daityilvith in-
group (race) faces relative to out-group faces can partially explgioup face
preferences (Zebrowitz, Bronstad, & Lee, 2007; Zebrowitz, Wieneke, & White, 2008).
The current study focuses on the familiarity of specific individuals. Inéisjgect, our
findings are related to Andersen and colleagues’ findings that impressionfaofiliar
others are influenced by their resemblance to the perceiver’'s sagrifithers (Andersen
& Cole, 1990; Chen & Andersen, 1999). Most likely, one of the proximal cues for this
process is facial similarity. However, it should be noted that our account is btioadler
Andersen’s account. In the current study, evaluation of novel faces was affgtibed b
similarity to faces that had been learned quickly and had no personal significatiee for

participants.

17



Our account is also related to work suggesting that learning of incidental
associations between facial features and personality characsecistild contribute to
individual differences in face preferences (Hill, Lewicki, Czyzeaysk Schuller, 1990).
For example, Hill et al. (1990) created a covariation between the length affdessts
and a behavioral trait and found that this association influenced participamgs ratia
second set of faces. In a related study, Jones, DeBruine, Little, and Feinbergd26a7)
that participants preferred composite faces made up of individual faces that wer
previously paired with neutral sounds to composites made up of faces paired with
negative sounds. It is an interesting question to what extent the processesnmtielyi
generalization of these kinds of associations differ from the genemtiz#tassociations

based on person specific, attributional learning (e.g., Todorov & Uleman, 2003).

Most prior work on face evaluation has focused on what different people’s
judgments have in common (Eagly, Ashmore, Makhijani, & Longo, 1991; Todorov et al.,
2008). However, there is substantial individual variation in these judgments (Honekopp,
2006). The current study investigated a potential source of this variation ebDiffer
individuals have different (looking) significant others, friends, and foes. Thid facea
environment would most likely shape preferences for novel faces. Together, our findings
suggest that general learning mechanisms based on similaritgaamafor
idiosyncratic face preferences.

Finally, thinking back to the question posed in the introduction of the dissertation,
our findings suggest that learning influences the perception of the leacesd\f¢hile
learning has previously been found to change judgments based on facial appearance

(Gross & Croften, 1977; Todorov & Olson, 2008), it is not clear whether these changes

18



are due to changes in perception or to the influence of conceptual knowledge on
evaluation. In the current study, we took a first step toward addressing thismjigs
examining how learning influenced the evaluation of faces that resemble@dthed
faces — rather than the evaluation of the learned faces themselves. We fousat iz |
generalized from the learned faces to the perceptually similar noes| fagygesting that
learning exerted its influence via changes in perception. The experimentdahaiveng
part of this dissertation further explore this idea by examining the mectsabyswhich

such learning generalization occurs.
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Part 2: Mechanisms Underlying Affective L earning Generalization

(Adapted from Verosky & Todorov, submitted)

Physical similarity to familiar others can influence impressionsdoasdacial
appearance (DeBruine, 2002, 2005; Hill et al., 1990; Kraus & Chen, 2010; Lewicki,
1985; Verosky & Todorov, 2010; Zebrowitz, 1996; Zebrowitz et al., 2007; Zebrowitz et
al., 2008). For instance, people who believed that they were going to interact with
someone whose facial features resembled their significant other weyeadikefer that
this interaction partner possessed characteristics of their signifiteart(Kraus & Chen,
2010). While this finding illustrates that facial resemblance can triggefd@ranse of
significant others’ characteristics to strangers (Andersen & Cole, 1986},wbrk
indicates that the processes by which physical similarity influencesrpevaluation

need not be limited to significant others (Hill et al., 1990; Lewicki, 1985).

In the first part of this dissertation (henceforth referred to as Ve&Sigdorov,
2010), participants learned to associate faces with negative, neutral, and positive
behaviors. Then, participants evaluated the trustworthiness of a series of morphs of nove
faces with the learned faces. Participants were found to generalizagrtpressions of
the learned faces to the similar-looking novel faces, such that faces sinidaes
associated with negative behaviors were evaluated more negatively thath#togere
similar to faces associated with positive behaviors. While this study deatedsihat it
is possible for social face environments to shape face preferences, it did nobgpeak t

mechanisms underlying the effect.
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In a series of three experiments, we used the paradigm developed in Verdsky a
Todorov (2010) to investigate the processes by which physical similaritgnaés the
evaluation of faces. Experiment 2.1 examined whether learning generalizassteoe
even in the presence of relevant behavioral information about the morphed faces.
Experiment 2.2 investigated whether participants need to be able to detkoitgim
between learned and morphed faces in order for similarity to influence facateval
Finally, Experiment 2.3 explored participants’ control over their use of sityilar
information. While Experiment 2.1 speaks to the scope of learning geneaaljzati
Experiments 2.2 and 2.3 moved closer to directly examining the processes by which

people use similarity information during face evaluation.

As a starting point, Experiment 2.1 examined whether people would continue to
use physical similarity in their judgments even when there was othemiation
available. Although appearance is often one of the first cues observers havenabwart a
person, information about their actions becomes increasingly availableroeePst
research has shown that these actions have large effects on observersbegabfitie
person (Bliss-Moreau et al., 2008; Carlston & Skowronski, 1994; Todorov & Uleman,
2002, 2003, 2004). This raises the following question: Is physical similarity to a known
other simply something people rely on when there is no other information available or
does it continue to color impressions as people learn more information about the person

in question?

Physical similarity does not provide evidence as to the true underlyingusiynil
between individuals, but a person’s own actions can give valuable clues as to their

character. Thus, to the extent that use of physical similarity in evaluatstraiegic, we
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might expect that people will cease to rely on this information as other tiorm

becomes available. Along these lines, Lewicki (1985) examined use of physical
resemblance as a case study for what people do when they need to make a decision, but
do not have sufficient information to do so. He found that when participants had a
pleasant versus unpleasant interaction with an initial experimenter tlutedffehether

they chose to interact with a second experimenter who resembled the findtgdathort

hair and eye glasses). While the assumption in this study was that the Iphysica
resemblance would only matter insofar as there was no other informatiorbkeyafies

was never explicitly tested.

On the other hand, to the extent that physical similarity is treated like other
sources of appearance related information, we might expect that it would continue to
matter even in the presence of other behavioral information. People tend to show
agreement in their judgments based on facial appearance and such appearadce relat
information is integrated with behavioral information (Baron, Gobbini, Engell, &
Todorov, 2011; Olson & Todorov, 2008; Rudoy & Paller, 2009). For example, Olson and
Todorov (2008) presented trustworthy- and untrustworthy-looking faces with negative
and positive behaviors and found that both the appearance of a face and the valence of

behavior influenced evaluation.

While Experiment 2.1 investigated the use of physical similarity relativse of
behavioral information, Experiments 2.2 and 2.3 focused on similarity alone. In
particular, Experiment 2.2 addressed the question of whether participants beesbte
to detect similarity in order for it to influence evaluation. To give an exarsgleyou

met someone who resembled an old enemy of yours, but you were not able to see the
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resemblance. Would you still distrust the person more than you would otherwise? Of
course, to the extent that similarity influences evaluation, participantsa@gensitive to
this similarity, but the ability to detect similarity and the ability to sisalarity

information in evaluation need not have the same sensitivity.

Even if people need to be able to detect similarity between morphed faces and
learned faces in order for learning generalization to occur, it is nelesshmossible that
the use of similarity in judgments is a relatively automatic process natdkeon
attentional resources and conscious recollection of the similarity. Fordastan
Lewicki’'s (1985) study, participants were affected by the resemblamwedrethe initial
experimenter and the second potential experimenter, but none of them mentioned this
factor when describing the reasons for their decision. Along these sas)eHithand
colleagues (1990) found that an association between face length and fairmess in a
original set of faces influenced participants’ evaluation of subsequest, faet none of
them reported awareness of the manipulation. Finally, Andersen and Glassman (1999)
found that subliminally presented words describing a significant other carr witge
features of the person that were not subliminally presented, demonstrating that

transference can occur without intention.

Experiment 2.3 went on to examine the extent to which participants can control
the influence of similarity information on their evaluation of novel facedhdRahan
relying on participants’ self-reports of how similarity affectedrthedgments (e.g., Hill
et al., 1990; Lewicki, 1985), we took a different approach. First, the experiment included
a cognitive load manipulation. Cognitive load interferes with processes that are

dependent on attention (Bargh, 1994; Todorov & Uleman, 2003). To the extent that
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learning generalization persists in the presence of load, this would suggesetibh
similarity information in face evaluation is characterized by, &t )@me feature of
automaticity: efficiency. Second, we manipulated the participants’ intenby
instructing them to either include or exclude similarity information in tlieigments.
This is a validated procedure that allows for the estimation of controlladfildggnitive
processes (Jacoby, 1991; Payne, 2001, 2008). We compared learning generalization i
the instructions conditions to learning generalization in the absence of instru€tbons
the extent that participants are able to increase and/or decrease thesinsofy
information relative to baseline, this would imply controllable use of sinyilarit
information. We further examined the effect of load on instructions: to the éégnt
participants are able to control use of similarity information, we would expeldéd to
interfere with that control and to decrease the influence of the instructiongmmndea

generalization.

Experiment 2.1

The first study was designed to investigate whether learning geat@oa would
persist even in the presence of relevant behavioral information. Participstggadv one
face paired with a negative vignette, one with a neutral vignette, and thna positive
vignette. Then, they were asked to evaluate a series of morphs of novel faces with the
learned faces. These morphs were presented alone, replicating Vandskgdorov
(2010), or with concurrent negative, neutral, or positive behaviors. Pairing faces with
brief behavioral descriptions is a powerful manipulation, which has previously been
found to change impressions of others (Bliss-Moreau et al., 2008; Todorov & Uleman,

2002, 2003, 2004). For instance, viewing faces paired with trait-implying behaviors for as
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little as 2 s leads to forming of corresponding trait associations with the fdodorov &
Uleman, 2003). Given the strength of this manipulation, we were interested in whether
physical similarity to the learned faces would continue to influence ei@aiuztthe

morphed faces even when those faces themselves were presented with Behaviora
information. If participants take both behavior and physical similarity iotownt in

their evaluation of the morphed faces, we should see an effect of concurrent behavioral
information on evaluation of the morphed faces, as well as an effect of learning

generalization.

Method

Participants. Seventy-two participants recruited at a local shopping mall
completed the task for payment. Data from one participant who entered the same

response for every face were excluded from further analysis.

Stimuli. Stimuli consisted of 39 photographs of men with neutral facial
expressions taken from a set of 62 digital black-and-white photographs of basd male
(Goldstone & Steyvers, 2001; http://psiexp.ss.uci.edu/research/software.hesg. T
photographs were selected from Kayser (1997). We chose three photographs of younger
to middle-aged men to use as the learned faces (Figure 2.1A). One face wasiffaged w
negative biographical vignette, one with a neutral vignette, and one with a positive
vignette (see Appendix A). The pairing of faces and vignettes was couaterbal

across participants.

Procedures. Learning. Prior to seeing the faces paired with vignettes,

participants were asked to evaluate the trustworthiness of the facdohaggpearance
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alone. Participants were told that we were interested in first impressidnkat there

were no right or wrong answers. Each trial began with a 250-milliseconbfixaoss.

Then a face was presented and remained on the screen until participants responded using
the number keys 1(not at trustworthy) to 9(extremely trustworthy). Aftaluating the

faces, participants saw the faces paired with vignettes. Each faxstgigair remained

on the screen until participants pressed the spacebar. After seeingeajains, the three
faces appeared side by side and participants were asked to indicate whiohlénged

to the “good guy” and which belonged to the “bad guy”. Participants responded using the
number key corresponding to the position of the faces. After each response, pasticipa
saw the word “correct” or “incorrect”. If a participant gave an incanmesponse, they

saw the faces and biographies again before completing another test round. Thg learni

phase of the task ended when participants answered both questions correctly.

Face evaluation. After completing the learning phase of the experiment,
participants were asked to evaluate the trustworthiness of a seriessoffadeipants
were told that some of the faces would be presented with behaviors and that some would
be presented alone. For the faces with behaviors, participants were instruoted to f
impressions of the people by imagining them actually performing the behaviotbeF

faces presented alone, participants were instructed to rely on thezefog f

Each of the three learned faces was morphed with 12 of the 36 novel faces (see
Figure 2.1A for example stimuli). The faces were morphed to a level of 50%,aeslag
from Steyvers (1999). While Verosky and Todorov (2010) used levels of morphing of
20% and 35%, a higher level of morphing was used in this and the following experiments

in order to better examine the circumstances under which learning gettienaliza
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occurred or did not occur. Three of the morphs of each learned face were paired with
negative behaviors, three with neutral behaviors, three with positive behaviors, and three
were presented without behaviors. The behaviors were selected from @€ atiadh@0
behaviors based on goodness ratings (Fuhrman et al., 1989). The pairing ofidaces a

behaviors was counterbalanced across participants.

Each trial began with a 250-millisecond fixation cross. Then a face appeared and
remained on the screen until participants responded using the number keys 1(not at all
trustworthy) to 9(extremely trustworthy). The order of trials waslomized for each
participant. After evaluating the 36 morphed faces, participants were tolt¢lgatould
see the faces from the beginning of the experiment. Participants evahesedaces
following the same procedure. Although we also collected ratings of the leao®ssd f
prior to the presentation of biographical information, learning in this and the subsequent
experiments was assessed based on the ratings collected at the end of timeetxperi
This was done because behavioral information had a strong effect on face evahdation a
learning assessed by comparing pre- and post-ratings was largely recuitioléedrning

assessed by comparing post-ratings alone.

The overall design was a 3(valence of learning: negative, neutral, or poxXitive)
4(concurrent information: no information or negative, neutral, or positive information)

repeated measures analysis of variance (ANOVA).

Results

L earning. Sixty-nine percent of participants were able to identify the “good guy”

and the “bad guy” after the first test round, 85% were able to do so after the satond te
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round, and 96% were able to do after the fourth test round. The biographical information
influenced participants’ evaluation of the learned faEé3, 140)=28.09p<.001,

qp22.29, with participants evaluating the face paired with the negative biography
(M=3.63,SD=2.36) significantly more negatively than the face paired with the neutral
(M=5.68,9D=1.60;t(70)=6.53,p<.001) or positive biography=6.25,3D=2.18;
t(70)=5.76,p<.001). Participants also evaluated the face paired with the neutral
biography more negatively than the face paired with the positive biography, thasigh thi

difference was only marginally significam{70)=1.83p=.07.

Eleven of the 71 participants failed to evaluate the face paired with théveegat
biography more negatively than the face paired with the positive biography. tBesef
11 participants also required three or more test rounds to correctly identifyothee “g
guy” and the “bad guy”. These 6 participants made up 60% of the group that required
three or more test rounds to learn the associations between faces and biograpkies. Ba
on the convergence of these two learning measures, the data from these 11 participant

(15% of the total number of participants) were excluded from further analysis.

L earning generalization. As expected, there was a main effect of concurrently
presented behavior on participants’ evaluation of the morphed faces (FigureF231B),
177):64.74p<.001,;7p2:.52. Participants evaluated faces presented with negative
behaviors 1=3.95,5D=1.18) more negatively than those presented with neutral
(M=5.30,9D=1.21),t(59)=6.84 p<.001) or positive behavior$/£6.18,5D=1.17,
t(59)=10.45, p<.001), and those with neutral behaviors more negatively than those with
positive behaviorg(59)=7.99 p<.001. Participants also evaluated faces presented with

negative behaviors more negatively than faces presented without behisé46r23,
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D=1.07;t(59)=7.30,p<.001) and those without behaviors more negatively than those
with positive behaviorg(59)=7.19,p<.001). They did not evaluate faces presented
without behaviors differently from those presented with neutral behatwdrs (
Importantly, the effect of learning generalization was also signifigagure
2.1B),F(2, 118):9.51p<.001,;7p2:.14. Participants evaluated faces that were similar to
the face paired with the negative biograpki=4.91,9D=1.04) more negatively than
those that were similar to the face paired with the newtrab(23,9D0=.90;1(59)=2.87,
p=.006) or positive biography=5.36,5D=1.02;t(59)=3.91 p<.001). Participants also
evaluated faces that were similar to the neutral face more negativelhdsarthat were
similar to the positive face, though this difference was not signifiqg@9)=1.42 p=.16.
The interaction between concurrently presented behavior and learningligatierawas
not significant F<1), indicating that learning generalization occurred regardless of

concurrent behavioral information.
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Figure2.1. Learning generalization in the presence of concurrent behavioral information.
(A) The three learned faces (top row) and examples of morphs containing 50% of those
faces (bottom row). Morphs are shown directly below the faces they contain. (B) Mea
trustworthiness ratings of morphs presented alone or presented with negatival, or
positive behaviorsN=60). The morphs contained 50% of the negative (dark gray),
neutral (light gray), or positive (white) learned face. Error bars reprasandard error of

the mean.
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Discussion

As expected, there was a large effect of concurrently presented behavioral
information on evaluation of the morphed faces. Critically, there was also annddepe
effect of learning generalization. For example, morphed faces that vesenped with
negative behaviors were evaluated more negatively than those presehted wit
behaviors, neutral behaviors, or positive behaviors. However, within the group of
morphed faces presented with negative behaviors, those faces that werdsitmdar
negative learned face were evaluated more negatively than those thaimiéar to the
positive learned face. Thus, learning generalization persisted in thaqeaegeaelevant
behavioral information, suggesting that people continue to rely on physicalrgymila

even as they learn more information about a person.

While physical similarity continued to influence impressions, the effect of
physical similarity on evaluation was smaller than the effect of cozrttuipehavioral
information. Although it is tempting to draw conclusions about the relative impertdnc
these different sources of information from this disparity, it is also worthrkg@apmind
that the relative size of the effects depends on the type of learning anidhiiieused.

For instance, compared to the learning that occurs in the real world, exposurthteg¢he
learned faces was quite brief. At the same time, the behavioral informetgostrongly
valenced. Given the range of possible learning procedures and stimuli, obtaining an
accurate estimate of the effect sizes for physical similarityoémet types of information

would prove difficult.
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Experiment 2.2

The second experiment was designed to investigate whether people need to be
able to detect similarity in order for learning generalization to occurhkr etords, if
someone is not able to detect similarity between a learned face and a ceyeliliahat
similarity still influence evaluation of the novel face? To test this, we hdigipants
learn to associate faces with negative, neutral, and positive behaviors. Thekede a
participants to evaluate a series of morphed faces, interspersed witiowel faces.
Finally, we asked participants to categorize each of the faces they khamlipheseen as
learned, similar to learned, or new. Since the same participants evaluatetegodzzd
the faces, we were able to test whether learning generalization dependscgrapts’
recognition of the similarity between the learned and the novel faces. Irufzarte
were interested in whether learning generalization would still occur fog thogphed

faces that were categorized as new.

Method

Participants. One hundred ten undergraduate students participated in this

experiment for partial course credit.

Stimuli. Stimuli consisted of 87 black-and-white digital photographs of bald
males. Fifty-four of the photographs were from the face set used in Expeg@rie
(Goldstone & Steyvers, 1997) and the remaining 33 photographs were taken from Kayser
(1997), the source of the original set of faces. Fifteen of these new faces edene as
distractor task (see below) and 18 were used as novel faces in the evaluation and

categorization tasks.
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Nine photographs of young to middle-age men were selected to be used as the
learned faces. These nine faces were divided into three groups and pasildpmed to
associate the groups with negative, neutral, or positive behaviors. The behaviors were
from the database used in Experiment 2.1 (Fuhrman et al., 1989). The face and behavior

groups were counterbalanced across participants.

Procedures. Learning. Prior to seeing the nine faces paired with behaviors,
participants were asked to evaluate the trustworthiness of the faces baggubarance
alone. As in Experiment 2.1, participants were told that we were interestest in fi
impressions and that there were no right or wrong answers. Trials began with a 500-
millisecond fixation cross and faces remained on the screen until participspesded
using the number keys 1(not at all trustworthy) to 9(extremely trustworlftgr
evaluating the faces, participants followed the learning procedure descridetbsky
and Todorov (2010). Participants saw each face paired with negative, neutral, or positive
behaviors. Participants were asked to form impressions of the people by imagamng
actually performing the behaviors. The faces were blocked so that parscgaaneach
face paired with a first behavior before seeing any of them paired witoadbehavior.
Faces were always paired with the same type (negative, neutral, org)dssnavior.
Each trial began with a 1000-millisecond fixation cross. The presentationesfdad
behaviors was self-paced: face-behavior pairs remained on the screen tioiilgras
pressed the spacebar. During each block, the faces appeared in a different random orde
After seeing each face paired with three different behaviors, partisipanteach face
alone and were asked to indicate whether it was previously shown with negative, neutral

or positive behaviors. The word “correct” or “incorrect” appeared for 1000 nrseaita
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response. If participants gave an incorrect response, they saw each of fiaeesne

paired with additional behavior of the same valence before completing anstheiuted.

The task ended when participants reached 100% correct or when they completed eight
test rounds, whichever came first. Each face was paired with five differemidrsha

before the face-behavior pairs repeated.

Distractor task. After the learning task, participants completed a 2-back working
memory task designed to interfere with their memory for the learned.fhrcthis task,
participants viewed a series of faces and were instructed to press tHeaspaoenever
they saw a face that had appeared one face earlier (e.g., for the patterrSABAlI
consisted of 15 faces and each face was shown five times, making a total of .75 trials
Twenty percent of trials were 2-back repetitions. Participants pregented with 7
practice trials to familiarize them with the procedure. Each trial begara 500-

millisecond fixation cross. The face remained on the screen for 2 s.

Navon task. We included a Navon task in this experiment to test the additional
hypothesis that influencing face recognition would influence learning @ezagion.
Navon letters are larger letters made up of repeating smalles l@ttavon, 1977), and
reporting the identity of the smaller letters versus the large legepreviously been
found to impair face recognition (Macrae & Lewis, 2002; Hills & Lewis, 2007)s Thi
effect is thought to result from a shift in processing orientation: reportirigehaty of
the smaller letters is thought to trigger a local processing orientatiois thabmpatible
with the global orientation needed for face processing (Macrae & Lewis,.2002)
Participants in the current study completed 80 trials of the Navon taskhafidistracter

task and four trials prior to each trial of the evaluation and categorizationsaskdills
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and Lewis, 2007, for a similar procedure). Participants were asked to repertled
identity of the larger letter across all trials (global condition) or thaller letters (local
condition). The letters appeared in the center of the screen and participmsgne of

four answer options at the bottom of the screen using the number keys 1-4. The global
versus local condition did not influence recognition accuracy (F<1 in all cases) and

therefore we collapsed across this factor in subsequent affalyses

Face evaluation. Participants were asked to evaluate the trustworthiness of a
series of faces. Participants were told that we were interested imfirgssions and that
there were no right or wrong answers. They were instructed to rely on thezetngf
and to work as quickly as possible. Each learned face was morphed with four novel faces,
making a total of 36 morphs. Faces were morphed to a level of 50% using code from
Steyvers (1999). To assess the ability to detect the similarity betiveemorphed faces
and the learned faces, the 36 morphs were intermixed with 27 novel faces. Each trial
began with a 500-millisecond fixation cross. Then, a face was presented and dernaine
the screen until participants responded using the number keys 1(not at all trygttorth
9(extremely trustworthy). The order of the morphs and novel faces was randoonized f
each participant. After evaluating the morphs and novel faces, participenet$ohd that
they would see the faces from the original task with the behaviors. Participéonistbl

the same procedure to evaluate the nine learned faces.

Face categorization. During the final part of the experiment, participants were
told that they would see a series of faces, including faces from the tasbehaviors,
faces that were similar to those learned faces, and new faces p@atsiavere instructed

to categorize each face as learned (from the task with the behaviorgr sinelarned,
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or new. Each trial began with a 500-millisecond fixation cross. Then, a face was
presented and remained on the screen until participants responded using the nusnber key
1(learned), 2(similar to learned), and 3(new). If participants categorize® as learned

or similar to learned, they were asked to further indicate whether thadel¢®r the

face it resembled was previously shown with negative, neutral, or positive infemmati
Participants responded to the second question using the number keys 4(negative),
5(neutral), and 6(positive). The order of the 9 learned, 36 morphed, and 27 novel faces

was randomized for each participant.
Results

L earning. More than half of participants were able to correctly identify the
valence of the behavior (negative, neutral, or positive) associated with eacmioiethe
learned faces after two test rount#s=65%), eighty percent were able to do so after four
test roundsNI=81%), and ninety-five percent were able to do so after eight test rounds

(M=95%). After eight test rounds, the learning task ended.

The valence of the behavioral information influenced subsequent evaluation of the
learned face$; (2, 206):279.87p<.001,;1p2:.73. Participants evaluated the faces paired
with negative behavioral informatioME2.51,9D=1.47) more negatively than those
paired with neutralN|=5.04,SD=.86;t(103)=16.76p<.001) or positive information
(M=6.97,SD=1.70;t(103)=18.06p<.001). In turn, participants evaluated faces paired
with neutral information more negatively than those paired with positive infanmat
t(103)=12.59p<.001. In total, data from 8% of participants were excluded from further

analyses either because participants had not learned the face-valeniass after
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eight test rounds (5%) or because they failed to rate the faces paired \aitkereg

behaviors more negatively than those paired with positive behaviors (3%).

Face categorization. Accurate categorization of faces as learned, similar to
learned, or new depended on the type of f&¢2, (198):244.69p<.001,77p2:.71; Table
2.1). As expected, participants were more accurate at categorizinglléaras §1=88%,
D=14%) than novel facedt=82%; SD=16%:;t(100)=3.14p=.002) or morphed faces
(M=42%,SD=17%:;t(100)=21.83p<.001). In turn, participants were more accurate at
categorizing novel faces as new than morphed faces as similar to leér@ey:15.58,

p<.001.

After correctly categorizing learned faces as learned, gaatits were able to
identify the valence of behavior that had previously been paired with the face most of the
time (M=86%,3D=14%). After correctly categorizing the morphed faces as similar to
learned, participants were able to identify the valence of behavior paired wigtathed

face that the morphed face resembled more than half of theNisG:106, SD=17%).

Type of face Categorization
“Learned” “Similar to learned” “New”
Learned 88 (14) 9 (10) 3(9)
Morph 10 (9) 42 (17) 47 (18)
Novel 3 (6) 15 (13) 82 (16)

Table2.1. Mean percent (and standard deviation) of the time learned faces, 50% morphs,
and novel faces were categorized as “learned”, “similar to learnedigar
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When patrticipants did not categorize the morphed faces as similar to lehayed, t
were more likely to categorize them as noW+47%;3D=18%) than as learned
(M=10%,SD=9%:;1(100)=17.15p<.001). Meanwhile, when participants did not
categorize the novel faces as new, they were more likely to categorize thenilasto

learned M =15%,3D=13%) than learned=2.90,SD=5.68;t(100)=11.07p<.001).

L earning generalization to mor phed faces. For the morphed faces, we were
interested in whether the ability to detect similarity between the mdfplces and the
learned faces would influence learning generalization. To examine tlasaeve
compared learning generalization for trials where participants aideeo correctly
identify the valence of the learned face the morphed face resembled vietswshere
participants categorized the morphed faces as new using a 2(detectedtgiahitenot)

X 3(valence: negative, neutral, or positive) repeated measures ANOVA. Weeadcl
only participants who had at least one observation per cell, which meant thesanalysi

based on 82% of participants and 74% of the available evaluation data.

As expected, there was a main effect of learning generaliz&{@n164)=9.43,
p<.001,;7p2:.10), such that participants evaluated faces that were similar to negative
learned faced=4.85,SD=.93) significantly more negatively than those that were
similar to neutral 1=5.07,9D=.97;t(82)=2.34p=.02) or positive learned faces
(M=5.25,9D=.97;1(82)=4.16,p<.001). In turn, participants evaluated faces that were
similar to neutral learned faces more negatively than those that welar sonpositive
learned faceg(82)=2.10,p=.04. There was also a main effect of ability to detect
similarity to the learned faces (Figure 2.2). Participants evaluated ftaey later

categorized as newi=4.91,SD=.91) more negatively than those where they correctly
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identified the valence of the similaritilE5.21,9D=.92; F(1, 82)=12.42p=.001,

77p2= 13).

Importantly, these main effects were qualified by a significant inierg¢(2,
164)=5.99p=.003,;1p2:.07, indicating that learning generalization depended on
participants’ recognition of the similarity between the morphed faces atebrimed
faces. To elaborate, for the faces where participants were able tdlgadenutify the
similarity (Figure 2.2A), there was a significant effect of leagrgeneralizationi(2,
164)=11.30p<.001,;1p2=.12. As before, participants evaluated faces that were similar to
negative learned face®€4.82,9D=1.15) significantly more negatively than those that
were similar to neutralM=5.25,9D=1.31;1(82)=2.79,p=.007) or positive learned faces
(M=5.56,9D=1.22;t(82)=4.56 p<.001). Participants also evaluated faces that were
similar to neutral faces more negatively than those that were similar tv@daces,
t(82)=2.04 p=.04. However, for the faces categorized as new (Figure 2.2B), the effect of
learning generalization was not significaft 1. Participants did not rate the faces that
were similar to negative learned facht=@.88,9D=1.13) significantly differently than
those that were similar to neutrd£4.89,90=1.02) or positive learned faced£4.95,

SD=1.07;t's<1 for all pairwise comparisons).
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Figure 2.2. Learning generalization by recognition of physical similarity. (AT
morphed face (right) most frequently categorized as “similar to learr@dThe
morphed face (right) most frequently categorized as “similar to new”. Eagbhm
contains 50% of the learned face shown to its left. (C) Mean trustworthinesss rati
morphed faces where participants recognized the valence of the $ynviéasus faces
categorized as neW€83). The morphed faces contained 50% of the negative (dark
gray), neutral (light gray), or positive (white) learned faces. Errorrbpresent standard
error of the mean.
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L earning generalization to novel faces. Although we were primarily interested
in the evaluation of the morphed faces, we also examined whether the naturalfingccur
similarity between the novel faces and the learned faces influencedtwal As
mentioned above, the novel faces were categorized as similar to the learsdtésme
percent of the time\ =15%,3D=13%). To avoid dropping observations, we examined
the influence of learning generalization on evaluation using a one-way ANChWVA. T

resulting analysis included data from 88% of participants.

There was a main effect of learning generalization, such that th@typarned
face a truly novel face was seen as similar to mattél(éd,182)=10.56p<.001,;1p2: 10.
Participants evaluated the faces that they saw as similar to negatined faces
(M=3.82,5D=1.37) significantly more negatively than those they saw as similar to
neutral M=4.70,SD=1.56;F(1, 131):11.97p:.001,;1p2=.08) or positive learned faces
(M=4.99,5D=1.56; F(1, 120)=19.38, p<.00;§1p2:.14). In turn, participants evaluated the
faces they saw as similar to neutral learned faces more negdligrlthose they saw as

similar to positive learned faces, although this difference was not signjfieel.
Discussion

When patrticipants detected the similarity between the morphed faces and the
learned faces, categorizing the morphed faces as similar to learneeyahested those
faces that were similar to negative learned faces more negatively thariltthbwere
similar to positive learned faces. However, when participants were ndbaidéect the
similarity, categorizing the morphed faces as new, they did not evaloatetfat were

similar to negative learned faces any differently than those thatsivetlar to positive
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learned faces. Thus, similarity only mattered when participants were&aideect it;

when participants were not able to detect similarity, it did not influenceatiah.

At first, the finding that participants need to be able to detect similardyder
for learning generalization to occur may seem at odds with Verosky and Todorov (2010).
In this previous study, learning generalization was observed for morphs containing 20%
and 35% of learned faces, even though these morphs were not categorized differently
than truly novel faces. However, different groups of participants performed the
evaluation and categorization tasks in this study, and therefore it was not passible t
examine whether learning generalization effects are contingentagnigon of
similarity. There is a simple explanation for the apparent discrepandg tiveimorphed
faces and the truly novel faces were not treated differently, both wegocasel as
similar to the learned faces twenty percent of the time. In the curregt stiien we
examined the effect of perceived similarity between novel faces and leaoesdoh
evaluation, we found that those faces perceived as similar to negative |eaesd/iére
evaluated more negatively than those perceived as similar to positive lesresdlthus,
the categorization data in Verosky and Todorov (2010) should not be seen as indicating
that participants were unable to detect similarity between the morplesdafad the
learned faces; rather, they should be seen as demonstrating that partegrante more
likely to detect the similarity between morphed and learned faces thartunaiga

occurring similarity between novel and learned faces.

In sum, this experiment indicates that participants need to be able to detect
similarity between a morphed face and a learned face in order for therisynto

influence face evaluation. However, it is important to keep in mind that detection of
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similarity need not be equated with controlled use of this information. We adaisess t
issue in the next experiment by orienting participants to similarity dadgathem to use

it in different ways.

Experiment 2.3

Similarity plays a fundamental role in perception, learning, and judgnmefaictl
similarity is so central to our thinking that it is difficult to define. As Quit@69) noted,
“The dubiousness of this notion is itself a remarkable fact. For surely sheothing
more basic to thought and language than our sense of similarity; our sortinggefithon
kinds” (pg. 116). Within the domain of face perception, physical similarity is itapior
for both face recognition and face categorization, and serves as a basic organizing
principle of models of face representation (O’'Toole, 2011; Rhodes & Jeffery, 2006;
Rhodes & Leopold, 2011; Valentine, 1991). Within the domain of face evaluation,
people’s impressions of others have been found to be sensitive to similarityaalong
number of dimensions, including age, emotion and health (Todorov et al., 2008;
Zebrowitz, 1996; Zebrowitz & Montepare, 2008). Given the importance of physical
similarity for a range of processes, we were interested in the pibgs$itat use of

similarity information in the evaluation of faces may be relatively aatmm

Like all tasks, the evaluation of novel faces can be seen as relying on a
combination of automatic and controlled processes: for instance, the evaluation of a novel
face that resembles a familiar face may reflect both the automadtiatentional use of
similarity information. As in the first two experiments, participants inciimeent

experiment learned to associate faces with behaviors and then evaluates af ser
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morphs of novel faces with the learned faces. To examine control over use oftgimilar
information, we introduced two manipulations during the evaluation of the morphed

faces.

First, we introduced a cognitive load manipulation. On half of the face evaluation
trials, a 6-digit number appeared before the face. On these trials, pautiscipere asked
to indicate whether a second number that appeared after the face was the same or
different from the first number. In the past, cognitive load manipulations have lekn us
to demonstrate that processes are efficient, meaning that they can @rcwhewn
attention is directed elsewhere (Bargh, 1994). In the current study, we vesestied in
whether similarity would continue to influence face evaluation even whenipants

were under cognitive load.

Second, we introduced an instructional manipulation based on the logic of the
process dissociation procedure (Jacoby, 1991). In this procedure, control over a behavior
is defined as the difference in performance when automatic processes wordth acc
with controlled processes (facilitation) versus when they work against them
(interference). This procedure was originally developed as a way to teejhera
contributions of recollection and familiarity to recognition memory. In particdecoby
(1991) compared performance on a task where familiarity facilitated toesgonding
(participants were asked to respond “old” to items seen at any point in the esq@ton
performance on a task where familiarity interfered with correct respgigoanticipants
were asked to respond “old” only to items seen during a particular part of theresqg
and then estimated the relative contributions of recollection and familiarity to

performance. While this procedure was developed in the context of recognitionymemor
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for words, more recently it has been used to address questions in social psychology

(Payne, 2001, 2008).

Bringing the logic of the process dissociation procedure to bear on the current
study, we manipulated participants’ intentions regarding use of similarityydine face
evaluation task through use of instructions. Participants were either givestrziions
regarding similarity, as in the previous experiments, or they were toldh#yaivbuld be
seeing a series of faces that were similar to the learned faces andashexample
morph. Participants who were told about similarity were either asked tthiake
information into account when making their judgments (inclusion condition) or they were
asked to disregard this information (exclusion condition). We examined control over use
of similarity by comparing learning generalization in the instructions tiondito
learning generalization in the baseline condition: If participants ardalyierease their
use of similarity information, we should see increased learning geri@iizn the
inclusion condition relative to baseline; if participants are able to dediezisese of
similarity information, we should see decreased learning generalizatioa @x¢lusion

condition relative to baseline.

In addition to examining the main effect of instructions and load on learning
generalization, we were further interested in how load would affect learning
generalization under instructions. In particular, to the extent that pantisipee able to
control their use of similarity information, we would expect that the effeictstrfuctions
would be diminished under load. For instance, if participants are able to increassehei
of similarity information, learning generalization in the inclusion conditlooutd

decrease under load; on the other hand, if participants are able to decrease tbii
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similarity information, learning generalization in the exclusion condition shioalease

under load.

Method

Participants. Two hundred fifty-seven undergraduate students and members of
the Princeton University community participated in this experiment for pectiase

credit or payment.

Stimuli. Stimuli were forty-five faces from the set of photographs used in
Experiment 2.1 (Goldstone & Steyvers, 1999). As in Experiment 2.2, nine photographs of
young to middle-age men were selected to be used as the learned faces.nehesesi
were divided into three groups and participants learned to associate each group with
negative, neutral, or positive behaviors. The behaviors were the same as those used in
Experiment 2.2. Once again, the face and behavior groups were counterbalanced across

participants.

Procedures. Learning. Participants learned to associate faces with negative,

neutral, and positive behaviors following the procedure from Experiment 2.2.

Face evaluation. Participants in the similarity inclusion and similarity exclusion
conditions were told that they would be evaluating a series of morphed faces ngntaini
small percentages of the faces from the learning task. They were shosangriesof a
morphed face in the center of the screen, along with the learned and novel faces used to
create it. This morph served as an example of what morphed faces looked like, and it was

not shown again.
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Participants in all conditions were told that we were interested in thety aoil
process two different types of information at the same time. On no load triaisippats
were asked to evaluate faces according to how trustworthy they thoughtetteeyOm
the cognitive load trials, participants were asked to hold 6-digit numbersmonye
while evaluating the faces. On these trials, a number appeared prior to theftiace. A
evaluating the face, participants were asked to indicate whether a secdvet mas the

same as or different from the first number.

As in the previous experiments, participants in the baseline condition were told
that we were interested in first impressions and that there were no rigtaray
answers. Participants in the similaritglusion condition were asked to take into account
the similarity between the morphed face and the learned faces from the pphasasof
the task. They were given the example that if a face was similar to thédceas
previously associated with positive behaviors, then they should rate the face more
positively than they would otherwise. Finally, participants in the simjlexitlusion
condition were asked not to take into account the similarity between the morphed face
and the learned faces when making their ratings. They were giveratin@lexthat if a
face was similar to a face that was previously associated with positiggibes, they

should not rate the face more positively than they would otherwise.

As in Experiment 2.2, each learned face was morphed with four novel faces,
making a total of 36 morphs. Once again, faces were morphed to a level of 50% using
code from Steyvers (1999). For each set of four morphs, two of the morphs were
presented in the no load condition and two in the load condition. The faces presented in

each condition were counterbalanced across participants. For the cogndiuedisawe
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generated 18 random six-digit numbers using the website random.org. For nine of thes
trials, the second number matched the first. For the remaining nine trialbanwged one
of the digits in the second number. To increase task difficulty, the digit we chaaged w

never the first.

Participants completed ten practice trials to familiarize them withbribeedure.
Five of the practice trials were load trials; all of the faces used in thegeravere novel.
Each no load trial began with a 500-millisecond fixation cross. Then, a face was
presented for 500 ms. After the face, a rating scale appeared and remainesicoeete
until participants responded using the number keys 1(not at all trustworthy) to
9(extremely trustworthy). Each load trial began with a number, which remaitied i
center of the screen for 2s. After the presentation of the number, load ti@ietbthe
same procedure as no load trials. After the face and rating, a second numbedappear
along with the prompt “Is this number the same as or different from the original
number?” The number remained on the screen until participants responded using the
letter keys g(same) and h(different). The inter-trial interval wast#sorfder of load and

no load trials was randomized for each participant.

The overall design was a 3(instructions: none, include similarity, exclude
similarity) X 3(valence of learning: negative, neutral, or positive) X d¢ogmioad (no
load, load) mixed ANOVA, with the first factor between subjects and the laswithin-

subject.

48



Results

L earning. Half of participants were able to identify the valence of behavior
(negative, neutral, or positive) paired with each face after two rest rads&9%),
seventy-five percent were able to do so after four test roled85%0), and nearly

ninety-five percent were able to do so after eight test roiid93%).

There was a significant effect of the valence of the learned behawianahation
on participants’ evaluation of the learned fa¢gg, 478):442.02p<.001,;7p2:.65.
Participants evaluated the faces previously paired with negative behd#2 9P,
D=1.39) significantly more negatively than those previously paired with neutral
(M=4.99,5D=1.00;t(239)=20.32p<.001) or positive behavior$/&6.69,5D=1.59;
1(239)=23.27p<.001). Participants also rated faces previously paired with neutral
behavior significantly more negatively than those paired with positive behavior,
t(239)=15.70p<.001. In total, data from 12% of participants were excluded from further
analyses either because participants had not learned the face-valendians after
eight test rounds (7%) or because they failed to rate the faces paired \aiilreneg

behaviors more negatively than those paired with positive behaviors (6%).

Accuracy of cognitive load task. Participants were able to correctly indicate
whether a number was old or new 91% of the ti8i&=(010%). Accuracy was
significantly higher than chance (chance=56%24)=61.87p<.001), but significantly
lower than perfect performancg224)=13.06p<.001). Accuracy did not significantly

differ by instruction conditiori,:(2,222):1.26p=.29,77p2:.01.
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L earning generalization. There was a significant main effect of learning
generalization (Figure 2.8(2, 444):109.14p<.001,;7p2:.33), with participants
evaluating faces that were similar to negative learned fate4.66,5D=.89) more
negatively than those that were similar to neutvst.06,5D=.81;1(224)=7.42p<.001)
or positive learned faceMES.44,9D=.90;1(224)=10.62p<.001). In turn, participants
evaluated neutral learned faces more negatively than positive learne(224)=6.92,
p<.001).

There was also a main effect of lo&q{, 222)=9.91p=.002,7,’=.04), with
participants evaluating faces more positively when they were under\isdi1(0,
SD=.72) versus not under loaMl€5.01,9D=.72). This main effect was qualified by a
significant interaction with learning generalizati¢i{Z, 444):5.47p:.005,;7p2=.02).
Although learning generalization was significant regardless of whethéripants were
under load, it was stronger when participants were not underf¢2d448)=71.76,
p<.001,7,°=.24) versus under loaé (2, 448)=47.26p<.001,7,°=.17). In both cases, all
pairwise comparisons between evaluation of faces that were similar tovegegatitral,

and positive morphed faces were significa(®24)> 3.76,p<.001; see Table 2.2 for

means).

Similar to negative Similar to neutral Similar to positive
No load 4.60 (.95) 4.96 (.89) 5.46 (1.03)
Load 4.72 (.98) 5.17 (.90) 5.42 (1.00)

Table2.2. Mean (and standard deviation) trustworthiness ratings of morphed faces
containing 50% of negative, neutral, or positive learned faces when participants were
under cognitive load versus no load.
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Figure 2.3. Use of similarity information in learning generalizatibdean

trustworthiness ratings of morphed faces as a function of instructions andveotyat
(N=225). Participants were not told about the similarity between the morphedridces a
the learned faces (baseline), or they were asked to either takeigmtaraccount
(inclusion) or to avoid taking it into account (exclusion). The morphed faces contained
50% of the negative (dark gray), neutral (light gray), or positive (white) learoesl. fa
Error bars represent standard error of the mean.
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There was no main effect of instruction condition on face evaludti@, (
222)=1.55p:.21,;7p2:.01), but there was a significant interaction between instructions
and the strength of learning generalizatiB(¥( 444):40.49p<.001,;7p2:.27). In
particular, there was a stronger effect of learning generalization indlusion condition
as compared to the baselif€, 296):49.61p<.001,;7p2:.25) and exclusion conditions
(F(2, 296):58.64p<.001,;7p2:.28), indicating that participants were able to increase
their use of similarity information when asked to do so. On the other hand, the effect of
learning generalization did not significantly differ between the basalnd exclusion
conditions F<1), indicating that participants were not able to completely exclude
similarity from their judgments. Further exploring the interaction betwtbe inclusion
condition versus the baseline and exclusion conditions, participants in the inclusion
condition evaluated faces that were similar to negative learned fedsl@d,SD=.85)
significantly more negatively and faces that were similar to podéeaumed faces
(M=5.87,5D=.90) significantly more positively than participants in the other two
conditions M=4.92, SD=.79t(223)=6.78p<.001; andV=5.22, SD=.831(223)=5.38,
p<.001, respectively). Participants did not evaluate faces that were somientral
learned faced\=5.00,SD=.80) significantly differently across conditiord£5.10,

SD=.82;t<1).

Finally, the interaction between load and instruction condition was not significant,
F(2, 222):2.7Op:.07,77p2=.02, nor was the three-way interaction between load, valence,
and instruction conditior<1. However, planned comparisons revealed that the effect of

load on learning generalization was more pronounced in the inclusion conB{@on (
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148)=3.27 p=.04,5,°=.04) versus the baseling(@, 148)=1.48p=.23,5,°=.02) and

exclusion conditionsH<1).
Discussion

As in the previous experiments, participants evaluated faces that wdes tmi
negative learned faces more negatively than faces that were similaiticedearned
faces. Importantly, a cognitive load manipulation only slightly diminished taisileg
generalization effect, suggesting an efficient use of similarformation. On the other
hand, instructions regarding use of similarity information had a larger impaganing

generalization, suggesting that the use of this information was controllable.

Specifically, instructions to take similarity into account led to a strongectesf
learning generalization in the inclusion condition than in the baseline and exclusion
conditions, indicating that participants were able to increase their use @rgymil
information when asked to do so. However, at the same time, instructions to avoid taking
similarity into account did not eliminate the learning generalizatiomctetietirely,
indicating that participants were not able to completely disregard stsile@ormation.
Learning generalization in the absence of instructions looked very simi&artorig
generalization when participants were asked to disregard similaritynafion,
suggesting that participants’ default state may be more like thesextlthan inclusion

condition.

As noted above, although cognitive load decreased use of similarity information
across all conditions, this effect was very small and did not eliminate the use of

similarity. In other words, even when participants were busy rehearsirglait
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number, they still evaluated faces that were similar to negative learmsdnface

negatively than those that were similar to positive learned faces. An inspedi@n of
effect of load as a function of instructions revealed that load affectedngarni
generalization in the inclusion condition, but not in the baseline or exclusion conditions.
The finding that load interfered with use of similarity information in the inctusi

condition provides further evidence that what participants were able to control was
increased use of similarity information. At the same time, the fact that load did not
interfere with learning generalization in the baseline and exclusion conditiggesis

that participants in these conditions were simply unable to remove simitdotgnation

from their judgments, even when they tried to do so.

General Discussion

Across three experiments, participants evaluated faces that weiar $amil
negative learned faces more negatively than those that were similar to deattnezl
faces. In Experiment 2.1, learning generalization persisted even in teagered
relevant behavioral information. In Experiment 2.2, learning genelalizagas found to
occur when participants were able to detect similarity between morabesidnd learned
faces, but not when they were unable to detect similarity. Finally in Exeeti2.3,
learning generalization occurred regardless of the instructions givertitopaents about
use of similarity: while participants were able to increase their usiendérity
information, they were not able to exclude similarity from their judgmémtsddition,
although learning generalization was diminished during a demanding sectaskarny
was not eliminated altogether. Thus, learning generalization persisted watatya of

circumstances, indicating that use of similarity is a powerful process.
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Together, Experiments 2.2 and 2.3 paint a nuanced picture of use of similarity
information in learning generalization. While Experiment 2.2 demonstraties tha
participants need to be able to detect similarity in order for learnimgyglezation to
occur, Experiment 2.3 cautions against equating detection of similarity avitrotted
use of this information. In Experiment 2.2, we did not ask participants about siynilarit
until after they had evaluated all of the morphed faces. While this ensured that
participants’ use of similarity information was not influenced by the taskrolasity
detection, it also meant that the results did not speak to how participants used the
similarity information as they were evaluating the faces. To asldnesquestion,
Experiment 2.3 went on to explore participants’ control over their use of signilarit
information. We found that participants continued to use similarity information even
when they were under cognitive load. In addition, we found that while participants were
able to increase their use of similarity information, they were not ablehode
similarity information from judgments altogether. Cognitive load influeneathing
generalization in the inclusion condition but not in the other conditions, suggesting that
participants were able to control increased use of similarity informatiomdbwise of
similarity in the first place. Thus, while people need to be able to detecrsiynih
order for it to influence face evaluation, use of similarity information aggeare

relatively automatic.

Although we did not directly assess whether participants intended to use
similarity information, Experiments 2.1 and 2.3 address this issue, albegdthglinn
Experiment 2.1, insofar as similarity information is less diagnostic shctea than

information about behavior, one might imagine that participants may change their
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intentions regarding use of similarity as other, more diagnostic informagcomes
available; if this is the case, the persistence of learning gendaalizathe presence of
relevant behavioral information suggests that use of similarity infosmatiay not be
entirely intentional. Meanwhile, in Experiment 2.3, the fact that learning deagicn
was very similar in the exclusion and baseline conditions suggests that padieoipaat

not intentionally including similarity information in judgments.

Our findings also speak to the broad scope of learning generalization. In
particular, the persistence of learning generalization in Experiment 2.5 shatv
physical similarity is not simply something people only rely on when they dovét ha
other information available, but rather is part of a more general impressioatifmrm
process. Meanwhile, the fact that learning generalization occurred fontwdy faces
that were perceived as similar to the learned faces in Experiment 2.2 detesnsiat
naturally occurring similarity (even that observed within the confines @&xperiment)
can trigger learning generalization. Finally, participants’ inabibitgompletely exclude
similarity information from their judgments in Experiment 2.3 suggests tlyaiqath
similarity is difficult to ignore. Thus, learning generalization is likelytcur even a)
under circumstances when you know other information about a person; b) when

similarity has not been manipulated; and c) despite intentions to ignore it.

Physical similarity to familiar others has been found to influence impressf
others across a range of settings. For example, physical similatiy self can influence
trust behavior in economic games (DeBruine, 2002), physical similarity toisagriif
others can lead participants to infer that future interaction partners potsass

characteristics of their significant other (Kraus & Chen, 2010), and physiukrgy to
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an original set of learned faces can influence evaluation of a secondvsapbid faces
(Verosky & Todorov, 2010). At the level of the group, greater familiarity of owe-ra
than other-race faces, which likely reflects similarity to a sham@dlfarototype, can
partially explain ingroup favoritism (Zebrowitz et al., 2007; Zebrowita.e2808).
While these existing studies can be seen as examining the differentftjgm®img that
generalize (e.g., learning about the self, about significant others tle¢ccurrent
experiments contribute to the literature by varying the circumstanceswhié
learning generalization occurs in order to examine the processes undertyiofg us
physical similarity in face evaluation. While there may well be diffeesnn the exact
mechanisms underlying use of similarity in the cases described above,hgvapid
learning and subtle similarity in the current studies, it seems likelyrthay of the

findings will apply to these other cases as well.

In conclusion, while Verosky and Todorov (2010) demonstrated that affective
learning can generalize to perceptually similar novel faces, thentstuglies investigate
the mechanism underlying such learning generalization. Experiment 2.1 deatexhst
that people continue to use physical similarity in their judgments of facswhen
there is behavioral information available. Experiment 2.2 showed that participadts ne
to be able to detect the similarity between faces in order for it to infleadeation.
Finally, Experiment 2.3 showed that while participants are able to increzisege of
similarity information, they are not able to disregard it. Together, firediags show
that learning generalization is a powerful and relatively automatiegspevhich

influences the evaluation of faces under a variety of circumstances.
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Part 3. Representations of Individualsin Ventral Temporal Cortex Defined by

Faces and Biographies

(Adapted from Verosky, Todorov, & Turk-Browne, submitted)

Multiple regions in ventral temporal cortex, including the lateral fusiforragy
(FG), respond more strongly to faces than to other categories of objectagkemnw
McDermott, & Chun, 1997; McCarthy, Puce, Gore, & Allison, 1997; Tsao, Moeller, &
Freiwald, 2008). However, since individual faces convey both category-level and
exemplar-level information, these regions could be involved in the categoriealioet
of faces or the differentiation between specific face exemplars. Neuiagraghniques
such as fMRI adaptation and multi-voxel pattern analysis (MVPA) have beeroused t
address the question of what these regions represent, with mixed results.

Univariate analyses of the FG have revealed adaptation for repeatednaarsius
facial identities (Rotshtein, Henson, Treves, Driver, & Dolan, 2005; Verosky K- Tur
Browne, 2012). In such studies, the FG response measured by functional magnetic
resonance imaging (fMRYI) is attenuated when two faces depictingrtieidantity are
shown sequentially, despite changes in physical properties such as viewpoint.
Multivariate analyses have produced less conclusive evidence. Although distributed
patterns of activation in ventral temporal cortex convey information about object
categories (Haxby et al., 2001), patterns associated with specifitiedehaive been
found less reliably (Kriegeskorte, Formisano, Sorger, & Goebel, 2007; Nestar, &la
Behrmann, 2011), in contrast to the anterior temporal lobe (ATL).

While previous studies have tended to define identity in terms of visual features,

identity representations in everyday life are much more complex. For instaeice
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acquaintances see each other multiple times, know each other’'s names,raadearfte
know detailed social information about each other (e.g., group membership). Bgcomin
familiar with someone in one or more of these ways alters face processiegorain:
familiar faces engage a broad network of regions more strongly thaniliexfdaces
(Gobbini & Haxby, 2006, 2007; Todorov, Gobbini, Evans, & Haxby, 2007; Cloutier,
Kelley, & Heatherton, 2011). Many of these regions are tied to higher-lexgian and
social cognition, and thus we sought to explore how visual and social familiarity
influences identity representations in perceptual brain regions.

Behaviorally, face recognition is superior for familiar versus unfamiiee$
across changes in visual properties (such as lighting, viewpoint, context, amshamot
expression; Johnston & Edmonds, 2009), indicating that experience produces more
invariant facial identity representations. Research in other domains feughygorts this
notion: In the developmental literature, for example, teaching infants to indieidua
versus categorize monkey faces with verbal labels prevents a laieededhe ability to
discriminate between those faces resulting from perceptual narr(@cot &
Monesson, 2009). In the social psychological literature, warning particidzous the
cross-race recognition deficit — that face recognition is worse ¢esfaom other races
— can reduce or eliminate the effect, suggesting that the deficit pastlits from
categorization of out-group members (Hugenberg, Miller, & Claypool, 2007). Together,
these studies suggest that learning to individuate others through everydayiamgract
verbal labels, or by increasing motivation, improves face processing.

In the current study, we explored whether experience and training with a set of

identities would result in richer identity representations that could be decoded mor
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robustly from ventral temporal cortex. Prior to scanning, participants comglete
behavioral training task in which they saw multiple identities from differsavpoints
and learned to associate each identity with a unique name. For half of thigeislenti
participants also learned fictional biographical information about that personguri
subsequent fMRI session, participants were presented with sequentialf faness
followed by pairs of names. For each pair of faces, the two faces deptbidtiee same
identity or different identities. In univariate analyses, we tested for yoat showed an
attenuated response to pairs of faces where the identity was the same Yersund di
(fMRI adaptation or repetition suppression; Grill-Spector, Henson, & Martin, 2006;
Turk-Browne, Scholl, & Chun, 2008). In multivariate analyses, we created antiactiva
map for each identity and correlated these maps across runs within difégjientsrof
interest (ROIs). We tested whether the activation maps for a given ydeatg more
highly correlated with themselves than with those for other identities, which would
provide evidence of distributed identity representations. We assessed suantapoes
in ventral temporal cortex, where current evidence for them is mixed, and in theranter
temporal lobe, where they have been observed more reliably (Kriegeskori@03j
Nestor et al., 2011).

Additionally, we tested how learning biographical information influencesitgent
representations. We considered two possible ways that this could occur: First,
biographical information might enhance the strength of identity represergaitn which
case the correlation of an identity with itself should be higher for identiisociated
with biographical information than those that were not. Second, biographical information

might alter the nature of identity representations by adding a new dimeaisio
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information, in which case identities might be more correlated with other ideiith
the same amount of biographical information.
Methods

Participants

Twenty-two volunteers participated in the study for monetary compensation (5
males; mean age=22.2 years, range=18-37 years). Informed consent weesldbtaa
protocol approved by the Princeton University Institutional Review Board. Al
participants were right-handed, had normal or corrected-to-normal vision, andepor
no history of neurological or psychological disorders. The data from twoipartis
were excluded from analysis due to excessive head motion (greater than 3 mm in one or
more runs), resulting in a final sample of 20 participants.
Stimuli

Color photographs of 16 female facial identities from the Karolinska Directed
Emotional Faces set (Lundqvist, Flykt, & Ohman, 1998) were used as stimuli. For each
identity, there were three photographs: one facing forward and two with the head turned
30-40° to the left and right. The individuals displayed neutral facial expressions and eye

gaze matched head direction.
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A Name View 1 (5s) View 2 (5s) View 3 (5 s)

-
Biography

Tiffany
c Facel Face2
Jessica Jessica Jessica

Identity 1 (5s) Identity 2 (5 s) Identity 3 (5 s) Test

Name-only

Learn phase

Jessica was laid off
from her jobina

department store
because she was

Name-&-bio

caught stealing.

ID same

Name-only

Test phase

ID change

Time

Jessica
+ +

Face 1 (300 ms) Fixation (400 ms) Face 2 (300 ms) Test (2,500 ms)

Name-&-biography
ID same

ID change

Figure 3.1. Tasks. (A) Training task. On each ‘learning’ trial, participants were shown a
name followed by three views of that facial identity. For faces as®alcwith

biographies, the biographical information appeared immediately after treenam

before the three views of the face. On each ‘test’ trial, participantssiveven views of
three different facial identities followed by a name and they chose wltemfatched

the name. (B) Main task. On each trial, participants were shown a sequenceaife@svo f
followed by two names. Participants chose which nhame matched the secon@)acte (
first and second face in the main task depicted either the same person {(&ngyor
different people (identity-change).

Procedure

Training task. Either the day before the scan session or earlier in the day of the
scan session, participants completed a training task in which they learneakciatass
faces with names (Figure 3.1A). Each of the 16 faces was randomly assignenique
name selected from the list of the twenty most popular female baby names for 1989
(http://www.ssa.gov/oact/babynames/); this year was chosen to emsuoeit

participants would be very familiar with the names (i.e., it matched themastl birth
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year). In addition, eight of the 16 faces were randomly paired with short biogdaphica
vignettes (mean words =186, SD=9). Four vignettes were primarily negative iartdne
four were primarily positive (see Appendix B). We were not interested incakffects
per se due to limited power for examining such differences (four identities each for
positive and negative), but rather used valenced information to make the vignettes
memorable.

The training task consisted of two phases, a learning phase and a test phase, that
participants cycled between until reaching a criterion. During the |epphiase,
participants saw 16 identities, presented one at a time in a random order. For each
identity, a name appeared in the center of the screen. When the participant peessed t
space bar, the task forwarded to the next screen. For identities paired widpbicair
information, a paragraph of the biographical vignette appeared in the center oé#re scr
Each vignette was broken into two paragraphs, and these two paragraphs were shown on
alternating blocks of the training task. Participants were instructedddine
biographical information carefully and to try to form an impression of the persed bas
on it (Hamilton, Katz, & Leirer, 1980). While participants were not asked to tbeall
biographical information during the training or main tasks, they were givempassur
memory test at the end of the study (see Supplementary Methods and Results). When the
participant pressed the space bar again, a sequence of three images appeacedtar the
of the screen. This screen immediately followed the name screen foriesdeth#t were
not associated with biographical information. The first image showed the pecsantta
the left, the next image facing forward, and the last facing right. Eacleiapgmpared for

5 s, with the name underneath. Because the biographical information was presented prior
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to the faces, participants viewed the faces with and without biographicahatfon for
an equal amount of time.

During the test phase, participants were tested on which name belonged to each
face. On each trial, a sequence of three faces appeared in the centscodeheEach
face was shown for 5 s, and after the last face, a name appeared. Partiogjpeattsd
the serial position of the face that belonged with the name using the numberXeys 1-
Participants received feedback about whether their response was correcesEhtdtk
consisted of 48 trials, such that every view of each face was the correet &msone
trial. After each test block, participants received an accuracy score. Ure ¢imst
participants saw both paragraphs of each vignette, they were required toteahfgast
two cycles of the task. After the second test block, the learning-test cydied when
participants achieved greater than 95% accuracy in the last test blocldiatetyebefore
the scan, participants completed an additional cycle of the learning phaserainiing t
task, where they were presented with the entire vignette for each idemnty wah
biographical information.

Main task. During the scan session, participants viewed stimuli on a projection
screen at the back of the scanner bore via an angled mirror attached taltbeilh&n
each trial, participants were presented with a sequence of two faces emtiieat the
screen (Figure 3.1B). The faces subtended 5.0%6.8°, and appeared for 300 ms each
separated by a 400 ms inter-stimulus interval. Two names appeared immediately
afterwards, located above and below fixation. One name belonged to the second face and
the other was a foil that did not belong to either face (vertical position ranedmiz

Participants were instructed that the identity of the two faces in eadtopll either
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remain the same or change, but regardless, their task was to indicate which name
belonged to the second face. They pressed a button with their right index fingectto sele
the name above fixation and with their right middle finger for the name belowofixat
The two names appeared for 2.5 s, regardless of when participants responded. There was
a randomly selected jittered inter-trial interval of 1.0 or 2.5 s, resultingalrotrset
asynchronies of 4.5 or 6.0 s. To ensure familiarity with this task, participantsetethpl
practice runs at the end of the behavioral training session until they reactiedan of
greater than 90% correct on a single run.

The fMRI response for each identity was assessed idanigty-same trials,
where a particular identity was repeated. To increase the geabilgyzof findings
across changes in stimuli, we included two types of runs: view-repeat tm® the
viewpoint of the faces in each pair was the same, and view-change runs, whenathere
a change in viewpoint from the first to the second face. Both run types had a 2 (social
knowledge factor: name-and-biography, name-only) x 2 (identity repetition factor:
identity-same, identity-change) design. For the view-repeat runs, thexehsee
viewpoint conditions: the two faces in each trial faced to the left (lejt-teght (right-
right), or forward (center-center). For the view-change runs, the changesviwere
limited to less than 45°, resulting in four conditions: left-center, right-cecgater-left,
and center-right. To match the frequencies of viewpoints in the view-repeat runs to the
view-change runs, there were twice as many center-center trials-lestland right-right
trials. For both view-change and view-repeat runs, there were an equal number of the
identity-same and identity-change trials, and the frequency of each viewpdirdentity

was counterbalanced within each of these conditions. Participants completed eight
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functional runs, alternating between view-repeat and view-change rurisigstan type
counterbalanced across participants). Each run contained 64 trials and lasted 364.5 s.
Collapsing across viewpoint, each identity appeared in the identity-same @ordditi
times.
fMRI Acquisition

Data were collected on a Siemens 3T Allegra head-only scanner using a Nova
Medical head coil. Functional images were acquired using a T2*-weighted echo planar
imaging (EPI) sequence, with a 1500 ms TR, 28 ms TE, 64° flip angle, and a 64x64
matrix. Twenty-six interleaved oblique axial slices parallel to theriante
commissure/posterior commissure line were used to achieve whole-braingeovera
(3.5%3.5 mm inplane, 5 mm thick). A T1-weighted high-resolution anatomical image was
acquired with an MPRAGE sequence for registration purposes. In all but three
participants, a second T1-weighted image coplanar with the functional sises w
acquired to assist with registration.
fMRI Analysis

Preprocessing. Analyses were conducted with FEAT in FSL
(www.fmrib.ox.ac.uk/fsl). The first six volumes of each functional run were aledaio
allow for T1 equilibration. Data in each run were corrected for slice-atiquisime and
head motion, spatially smoothed (5 mm FWHM), de-trended, and high-pass filtered (128
s period cutoff). The data from two of four runs of the same view-repeat/viewechamg
type were then concatenated, resulting in four concatenated runs total (twiepeat
runs and two view-change runs). This was done because the frequency of iderdities wa

counterbalanced across pairs of runs. The concatenated functional runs veseesick
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the coplanar anatomical scan and then to the high-resolution anatomical scan. For the
participants without a coplanar anatomical scan, the functional runs weste red)

directly to the high-resolution anatomical scan. Data were normalized intoédbntr
Neurological Institute (MNI) space and interpolated to 2 mm isotropic voxels.

General linear modeling. Because of the rapid presentation of the two images in
each trial and the sluggishness of the blood oxygen level-dependent (BOLD) response,
we examined the combined response to pairs of images (e.g., Verosky & TunkeBrow
2012). There were four identity-same trials for each identity in each coatederun,
which were used to estimate the voxelwise response to each identity in d lyeeera
model (GLM). The model included a separate regressor for each of the 16 identities
including only identity-same trials. We also included a regressor for miesad@rrect
responses and two regressors for the identity-change condition: one for paireef na
and-biography identities and the other for pairs of name-only identitids (it
different identities always contained two identities from the same socialéahgsy
condition). Regressors were convolved with a double-gamma canonical hemodynamic
response function. Temporal derivatives were included for each regressor to aacount f
variability in the latency of the BOLD response. Motion correction parametere
included as covariates of no interest.

| dentity adaptation. fMRI adaptation was assessed by comparing BOLD
responses for identity-change versus identity-same trials (e.g., Roesthéd, 2005;
Verosky & Turk-Browne, 2012; Figure 3.1C). This contrast was performedaselyafior
name-and-biography and name-only identities. Furthermore, to assess wheéher soc

knowledge influences the strength of identity adaptation, we tested whethen#éisere
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greater adaptation for name-and-biography identities than for name-onlyiedefor

group analyses, we useahdomisein FSL to perform non-parametric permutation t-tests
for the contrasts of name-and-biography adaptation, name-only adaptation, and name-
and-biography > name-only adaptation. The resulting maps were threshgbee@bat
(cluster-corrected), with a cluster-forming cutoffpsf.001.

Pattern analyses. The analyses above examined identity information within
individual voxels. To test for identity information distributed in patterns of aaivat
across voxels, we created a voxel map for each identity and correlated tpssscroas
runs. For each participant, we created these maps by contrasting @actioatll
identity-same trials of a given identity with the activation for all identfignge trials.
Although the identity-change baseline was identical for all faces (withisatime social
knowledge group) in a given run, subtracting this baseline allowed us to remove
activation reflecting the mere presence of faces. This functioned tccratar the data,
such that the voxel map for each identity reflects whether a voxel responded nesie or |
than average. The resulting correlations between maps thus reflelsanige in pattern
correlation for a given identity. The map for each identity was coectlaith the maps
for all other identities in the same social knowledge group, producing one 8x8 comrelati
matrix for the name-and-biography identities and another one for the namelamtiyies
(Figure 3.2A, 3.2B). Correlations were computed separately for viewtrapdaiew-

change runs, resulting in four total matrices.
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B Name-&-biography IDs: Run 1

Name-&-biography IDs: Run 2

C D Regions of interest (ROIs)

Anatomical

Name-&-biography IDs

Functional

FG ATL

Figure 3.2. Pattern analyseén activation map was created for each identity and these
activation maps were correlated across runs. To test for identity-spepifesentations,
the correlations were calculated for name-only identities (A) and nadibiagraphy
identities (B) and the resulting within-identity correlations (lightegjenvere compared to
within-group correlations (dark green). To test for group-level reprassrgathe
activation maps for name-only identities were correlated with name-agchploy
identities across runs (C) and the resulting between-group correlatioesWeie
compared to the within-group correlations (dark green). Pattern analyses weretedndu
over maps masked with one of eight ROlIs (D).
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For each matrix, correlations along the diagonal reflected the correlagaciof
identity with itself across runs (within-identity), while the correlatioffighe diagonal
reflected the correlations for different identities in the same sociallkdges group
across runs (within-group). If specific identities have unique voxel patternsthine
within-identity correlations should be greater than within-group cdioes We tested
this hypothesis with a permutation test: For each participant, we shuffledldinens of
each correlation matrix in every possible way (8!=40,320) and calculated the ntkan of
diagonal in each permutated matrix. We then combined data across social knowledge
groups and across the view-repeat and view-change runs by taking the mean of the four
diagonal means for each permutation, and then across participants bytiogi¢ha
group mean. Finally, we computed the probability of the true observed group mean by
dividing the number of permutations with means higher than the true mean by the total
number of permutations. Probabilities less than .05 indicate the presence df reliabl
activation patterns for specific identities. We examined correlationsagelyafor name-
and-biography and name-only identities below, but combined across view-repeat and
view-change runs for all permutation tests to increase the statmtiwal of the tests, as
well as to increase the generalizability of the findings across stimdlesedces.

Creating separate correlation matrices for name-and-biography anebongme
identities allowed us to examine identity representations separatebcfosecial
knowledge group. To test whether learning biographical information produced more
unique identity representations, we compared the strength of within-idesrtiglations
between the two groups using a similar approach to above: For each participant, we

shuffled the columns of each correlation matrix in every possible way. At each
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permutation, we calculated the mean of the diagonal (within-identity)labores for the
name-and-biography and name-only groups, and then subtracted the latter from the
former. We then combined data across participants by calculating the mban of t
difference. Finally, we computed the probability of the true mean diffeteyndeviding
the number of permutations with values higher than the true difference by the total
number of permutations. We had a slightly directional hypothesis that social kgewled
would increase the strength of identity correlations, but we also wanted to consider the
possibility that learning social knowledge might decrease the needifmcesbn visual
representations and thus reduce correlations. Therefore, we conducted ethvietap
<.025 means that identity correlations were stronger for name-andghggre. name-
only identities, whilgp > .975 means the reverse.

In addition to examining patterns for specific identities, we also examined
whether learning biographical information changed the nature of identity\sespagions
in a more general manner. Specifically, biographical details may seavfeature in the
neural representation of identity. The presence of information along thissfeatur
dimension for all name-and-biography identities and not for name-only identites ma
have resulted in higher correlations within each social knowledge group thanrbetwee
groups (Figure 3.2C). Such a grouping effect would suggest that biographicalatibor
had been coded in a region, but in a categorical manner that did not contribute to the
decoding of specific identities.

To examine group-level correlations, we tested whether the mean correlation
between different identities from the same group (within-group) was higherian t

mean correlation between identities from different groups (between-graumaéh

71



participant, the 16 identity maps from one run were correlated with those from the othe
run of the same type (i.e., view-repeat or view-change), resulting in two 16:xtfiéana
Shuffling the matrix columns in every possible way would result in a huge number of
permutations, and therefore the columns were shuffled 40,320 times (to match the
identity analyses). For each permutation, we calculated the mean wiblip-gprrelation
(i.e., name-and-biography with other name-and-biography, name-only withnatiner
only) and between-group correlation (i.e., name-and-biography with name-oskg, ba
on the original column labels. We then subtracted the between-group correlatictnér
within-group correlation and combined data across participants by caigula® mean
difference for each permutation. Finally, we computed the probability of the gale m
difference by dividing the number of permutations with values higher than thedare m
by the total number of permutations. Probabilities less than .05 indicated that¢hespa
contained information about whether an identity had been linked to social knowledge.
Regions of interest. Pattern analyses were conducted for ROls in the bilateral FG
and bilateral ATL (Figure 3.2D). To ensure that appropriate regions were iddtutiee
analysis, and to attempt to replicate prior studies, ROIls were defined btumenadly
and functionally. Anatomical ROIs were defined based on labels in the HarxéotdO
Cortical Structural Atlas in FSL for: right FG, left FG, right ATIndaleft ATL.
Functional ROIs were defined by centering a 20-mm-radius sphere on eddidinate
of interest. The spheres in bilateral FG were centered on the fusiformwréecé-FA),
which was defined individually for each participant with a functional localasdt (see
Supplementary Methods). The spheres were centered on the FFA to ensure this region

was included in the analysis, but extended well beyond the FFA. Cortex surrounding the
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FFA was included because previous work suggests that it carries informatiomkjectit
category (Haxby et al., 2001), as well as viewpoint-independent representhtdmesct
exemplars, as revealed with fMRI adaptation (Pourtois, Schwartz, Segiueyras, &
Vuilleumier, 2005; Pourtois, Schwartz, Spiridon, Martuzzi, & Vuilleumier, 2009). The
sphere in right ATL was centered on a coordinate where identity-spedificizawere
previously found (Kriegeskorte et al., 2007), and the sphere in left ATL was centered on
the mirror image of this coordinate. Thus, four functional ROIs were definéd H(s,
left FG, right ATL, and left ATL. The number of voxels included in each of the eight
ROls can be found in Table S1 in Supplementary Material.

For inclusion in the pattern analyses, we selected voxels in each ROI that showed
differential activity across identities in half of the data (the ‘trajhset). Specifically,
we ran a one-way ANOVA over the 16 identities in the first run of each type (i.e. view
repeat or view-change) and selected voxels pth5 (one-tailed). This relatively liberal
threshold was used to ensure a sufficient number of voxels for each ROl angauattici
This feature selection was not biased because it was done blind to the other half of the
data (the ‘test’ set). The correlation approach we employed is the simigbedtern
classifiers, in which the similarity of each test pattern was computed/ecto the
prototype training patterns from which feature selection had been applied. Morgeve
computed statistics based on the empirical null distribution from shuffling igléaiieels
in the test set. Finally, we repeated the analyses without any feakoose(including
all voxels in each ROI) and obtained similar results (see SupplementarysiResult
Because permutation tests are not conventional, we repeated all analygesarsiard

parametric significance tests (see Supplementary Methods and Results).
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. Name-only Name-&-biography . Overlap

Figure 3.3. Identity adaptation. Clusters in a whole-brain analysis showing identity
adaptation (identity-change > identity-same; correpted05) for name-only (yellow)

and name-and-biography identities (red). Voxels in orange exhibited adaptabiottn i

social knowledge groups.

Results

Behavior

Accuracy and response time did not differ for name-and-biography versus name-
only identities during the training or main tasks. Memory for which faces associated
with biographical information was near ceiling during the surprise posfstsst
Supplementary Results for detailed behavioral results).
| dentity Adaptation

fMRI adaptation was defined as greater signal change for identitygehansus
identity-same trials, and was examined using whole-brain analyses.clist®s
showed identity adaptatiop<.05 corrected, MNI coordinates): right occipital fusiform
gyrus (41, -65, -19; volume=14,032 rpeft occipital fusiform gyrus (-38, -67, -19;
volume=11,480 mf), and the superior division of the left lateral occipital cortex (-29, -

76, 30; volume=4,920 m No clusters showed greater adaptation for name-and-
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biography versus name-only identities. However, analyzing adaptaparasaly for
these conditions revealed differences in the extent, location, and peak vajues 33).
Pattern Analyses

To create the identity maps, activation for the identity-same trialgiota
identity was contrasted with a baseline of activation for identity-charade. tRemoving
this baseline eliminated correlations related to generic face progessd as such,
reduced correlation values drastically. For example, the mean camedatnaps
belonging to different identities was higher before versus after remthengaseline in
the FG (=.475 vsr=.022) and ATL ROIsrE.089 vsr=.008). In essence, the remaining
correlations reflect the change in correlation from the generic patterfatiomef any

two identities.

ROI Identity Interaction Group
L FG anatomical .004 * .20 43
R FG anatomical <.001* .60 .30
L FG functional .03 * .34 .05 %
R FG functional .03 * .86 .004 *
L ATL anatomical .85 95 1% 32
R ATL anatomical .04 * 91 15
L ATL functional .82 75 13
R ATL functional 71 .98 * .03 *

Table 3.1. P-values for permutation tests of correlations. Identity: within-identity
within-group (one-tailed). Interaction: name-and-biography Identitpame-only
Identity (two-tailed). Group: within-group > between-group (one-tailg@x.10; *
p<.05.
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Figure 3.4. Pattern correlations for specific identitiddean Pearson correlation
coefficients for one identity with itself across runs (light green) antivfo different
identities that were either both name-and-biography or name-only ideiiitigk green)
in FG (A) and ATL ROIs (B). Significance values were computed usingyiation tests
(Table 3.1). *p < .05. Error bars depict + 1 s.e.m.

To test for identity-specific patterns, we compared within-identity atidrw
group pattern correlations (Figure 3.4; Table 3.1). Such representation®uretarf
bilateral FG for both anatomical and functional ROIls, and in the right ATL anzdbmi
ROI. The within-identity correlations were not significantly higher thantitiein-group
correlations in the right ATL functional ROI, or in the left ATL anatomicdumctional
ROls.

Learning biographical information about an individual might enhance fanyliarit
and differentiate identity representations, leading to stronger ideatigiations for the
identities that were associated with vignettes. To test this, we comparstmehgth of
within-identity correlations for the name-and-biography versus namefacgyg using a
two-tailed permutation test (‘'Interaction’ in Table 3.1). Social knowledge didaretse

identity correlations in any of the ROIs. In fact, biographical informatioredsed
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identity correlations in the right ATL functional ROl and marginally in tHeAdL
anatomical ROI. However, neither of these ROIs represented specific eteMitihin-
identity = within-group), and thus it is difficult to interpret the finding that correlations
were higher for name-only identities.

Although social knowledge did not increase the magnitude of identity
correlations, it may have nevertheless altered the nature of the ungedgresentations.
In support of this possibility, within-group correlations were greater than estgrup
correlations in the right FG functional ROI, right ATL functional ROI, andgmaly
greater in the left FG functional ROI (Figure 3.5). This was not true i&tine other
ROls. The results from the bilateral FG functional ROls are pantigdtiiking, since
these same ROlIs also carried identity representations (in comparisonigiti#eri

functional ROI, which did not).

B Within-group B Between-group B Within-group B Between-group

.04 7 .04 7
.03 1
.02 1

.01 A

Correlation (r)
Correlation (r)

.00 1

-01 - -01 -
LFG R FG LFG RFG LATL R ATL L ATL R ATL
(anatomical)(anatomical) (functional) (functional) (anatomical)(anatomical) (functional) (functional)

Figure 3.5. Pattern correlations for social knowledge groups. Mean Pearson correlation
coefficients for two different identities that were either both name-awgtdphy or
name-only identities (dark green) and for one name-and-biography idenhitgive
name-only identity (blue) in FG (A) and ATL ROlIs (B). Significance valuese

computed using permutation tests (Table 3.J)<*.05. Error bars depict + one s.e.m.
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Discussion

We found evidence for individual-level information in the ventral temporal
cortex, a region of the brain best known for its role in processing visual catedari
univariate analyses, large bilateral clusters in ventral temporal cirteved fMRI
adaptation when an identity was repeated versus changed. In multivariategnalys
activation maps in bilateral FG for a given identity were more highly ledecwith
themselves across runs than with maps for other identities. These two contplgme
techniques reveal the presence of facial identity information in the vesrtrpbtal
cortex at different spatial scales: fMRI adaptation indicates thaitiglspecific
information exists within single voxels, while MVPA indicates that this mettron is
also conveyed by distributed patterns of activity across multiple voxels.

We found evidence for individual-level information in the right ATL using
pattern correlation analyses, but not using fMRI adaptation. The failure to findyident
adaptation in the right ATL could indicate an absence of identity representattithres
sub-voxel scale, or could reflect the response properties of the region. One psawigyus
also failed to find a main effect identity adaptation in the ATL, but did report a
correlation between the degree of adaptation and pre-experimentahfaynaf
participants with the famous faces in the study (Rotshtein et al., 2005). This stigaests
despite our training task, greater familiarity might be needed to obsemnity
adaptation in this region. Moreover, there is considerable BOLD signal dropout in thi
region (Devlin et al., 2000), and, perhaps because of this dropout, only recently was a
face-selective patch in the human ATL reported (Rajimehr, Young, & Tootell, 2009).

Nevertheless, such dropout did not prevent us from observing multivariate effects in the
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ATL. Indeed, the finding of unique patterns for specific identities in the right bueftot |
ATL replicates previous findings (Kriegeskorte et al., 2007; Nestor et al., 201i§). T
finding is also consistent with evidence that the right hemisphere is cittidace
processing (Gazzaniga & Smylie, 1983; De Renzi, Perani, Carlesimo, Si\F&awio,
1994; Le Grand, Mondloch, Maurer, & Brent, 2003), and may even be the source of face
representations in the left hemisphere (Verosky & Turk-Browne, 2012).

We succeeded in finding robust identity-level patterns in ventral tempytak¢
despite the fact that this has proved difficult in the past (Kriegeskorte et al., 20@7). O
difference between our study and previous studies is that we createcentityid
representations through training. There are two unique and potentially impsgaotsa
of our training: First, participants learned invariant identity repreBensaby associating
multiple viewpoints of each face with a name. Interestingly, the only other study t
succeed in finding facial identity representations in posterior tempatakqiNestor et
al., 2011) also employed multiple face exemplars for each identity — in tseirweh
different emotional expressions. Viewing faces over changes in visual jpgspaéy
help create more invariant and robust representations (cf. Li & DiCarlo, 20G8). T
second unique aspect of our training was the use of many different identgxasuB
studies have used two identities (Kriegeskorte et al., 2007) or four identitiesr(Blest
al., 2011), while we used 16 identities. Increasing the number of identitiesavay h
increased the difficulty of discriminating between them. Because oumigaisk did not
end until participants had learned to accurately discriminate identiti¢isjgeants may
have acquired more differentiated representations via perceptual learnidgt(@e,

1998). The fact that we found identity-level information in ventral temporal cortex
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suggests that our training may have helped. Nevertheless, future work will leel need
directly compare identity representations for trained versus novel identitie

Beyond training, the manner in which we presented faces may have increased the
sensitivity of our study. Previous studies presented one face per trialggkcete et al.,
2007; Nestor et al., 2011). In contrast, we presented pairs of faces in an fMRIliadaptat
design. Since pattern analyses were based on trials where identitetedefies possible
that identity adaptation on these trials produced more distinct patterns. Accortheg t
sharpening model (Wiggs & Martin, 1998; Grill-Spector et al., 2006), adaptation occurs
via local competition between selective and non-selective neurons, resultpagsars
and more selective neural activity for repeated objects. Trials contairting baal-
novel identity and its repetition may have evoked a more identity-specific resihamsa
trial-novel identity would have on its own. Other models of adaptation, such as fatigue
(e.g., McMahon & Olson, 2007), make the opposite prediction, in which case our
adaptation design was detrimental to finding identity representations.

Social knowledge did not influence the magnitude of identity adaptation, nor did
it increase the strength of pattern correlations for specific identit@sever, it did alter
the spatial distribution of adaptation and also grouped identity representationd ar
common pattern. Specifically, identity representations correlated nmorglst with
other identity representations that were associated with the same ambiagtraphical
information. Consistent with the finding that even passive viewing of famalcaasf
engages regions throughout the brain more strongly than viewing of unfamiéiar fac

(Gobbini & Haxby, 2006, 2007; Todorov et al., 2007; Cloutier et al., 2011), we observed
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this common pattern despite the fact that the name-matching task did not reglicie ex
recall of biographical information.

While the presence of associated biographical information may accotin for
grouping effect, there are also other potential explanations. For instanegfegbtisould
be due to changes in attention or to spontaneous categorization of faces into groups. The
biographies included valenced information, and it is possible that simply viewing the
faces associated with these biographies could have increased arousatidn,atdifact
that faces in each group were always paired with other faces from theseaial
knowledge condition may have served as a cue to group the faces together. Attention t
faces (Wojciulik, Kanwisher, & Driver, 1998) and experimentally createdmr
membership (Van Bavel, Packer, & Cunningham, 2011) have both been found to
modulate activity in the FFA, indicating that this region is sensitive to toprdow
influence. While we did not observe a main effect of biographical information in our
study, this could be due to either the name-matching task, which drew attention to the
identity of faces in both groups, or to the rapid presentation of the images. Regardle
our data suggest that the FG is sensitive to the social context associatites; even
when that context is not relevant to the task at hand. Future work could investigate how
the content of the biographical information, such as learning that faces belong to a
particular social group (e.g., political party, profession, etc.), altersdéacesentations.

It has often been assumed that representations in ventral temporal cortex are
unimodally visual, but a growing body of work suggests that this part of the braihanay
sensitive to information from other sensory modalities (Von Kriegstein, Klemsit,

Sterzer, & Giraud, 2005; Mahon, Anzellotti, Schwarzbach, Zampini, & Caramazza, 2009;
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Van den Hurk, Gentile, & Jansma, 2011). For example, animal sounds presented
auditorily elicit category-specific responses in ventral temporalxcofteongenitally

blind adults, suggesting that visual experience is not necessary for thisricaieg
organization (Mahon et al., 2009). In addition, the FFA responds more strongly to
familiar versus unfamiliar voices during a speaker recognition task, futéimeonstrating
that ventral temporal cortex can be co-opted for processing sound (Von Kriegstéi
2005). Finally, the FFA also responds differently to words describing categories of
objects (e.qg., pets, sports, etc.) and people, indicating a potential sensitegtyantic
content (Van den Hurk et al., 2011). Here, identities were randomly assigned to de paire
with biographical information or not, such that faces with biographical information we
not intrinsically more (visually) similar to each other. The finding that theses were
nevertheless represented more similarly in ventral temporal cortex sitgeshis

region is sensitive to information beyond mere appearance, including perhabs soci
information.

In conclusion, by creating rich identity representations through training, we
succeeded in finding robust evidence for individual-level information in ventralotein
cortex in both univariate and multivariate analyses. These representatrersewsitive
to more than just visual properties, being influenced by the learning of biogiaphica
details about individuals. Together, our findings suggest that ventral tempoeal isort
involved in individuating faces and open up exciting avenues for research into the role of

learning in shaping face representations.

82



Conclusions and Futur e Directions

The first two parts of this dissertation showed how social knowledge influences
our evaluation of novel faces, and the last part examined how identity is repdeisent
the brain and how social knowledge shapes these representations. First, | déedonstra
that rapidly learned affective associations can generalize to novelliatessemble the
familiar faces. Second, | showed that learning generalization based ocapkysilarity
is a relatively automatic and powerful process, which likely influencessfzalaation
across a range of circumstances. Finally, | found that individual idersrgeged to
unique patterns of activity in ventral temporal cortex and that there are comreyngat
for faces associated with biographical information versus names aloren {bajether,
these studies suggest that what we know about other people may actually change the way
we perceive the faces of those around us. However, while these studies do show that
social knowledge can influence face perception, they merely represenistefirs the
broader project of examining how non-visual and visual information interact in our

representations of other people.

For the work on learning generalization, | believe that an important direotion f
future research is to examine the types of learning that generalize. Whexperiments
presented in this dissertation show that learning need not be limited to sigrofivanrst
in order to generalize, they do not tell us about how the content of the learned
information contributes to the observed learning generalization effect. ioytartthe
learned information in these studies is always valenced information reganaengoa’s
actions, and it is not clear whether there is something special about valencedtioform

or social information per se. For instance, would learning information about a person’s
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competence influence judgments about perceptually similar novel faces? Wonildgea
non-social information about someone have the same effect as learning social
information? While the current work demonstrates that rapidly learnediadfec
associations contribute to our impressions of perceptually similar novel others,

addressing these questions would allow us to speak to the specificity of the effec

The findings in the pattern analysis experiment are more preliminary setise
that the directions for future research follow more directly from thent, Biteough the
fact that we were able to find unique patterns of activity for differentitcesnin ventral
temporal cortex suggests that the training task led to more robust identity mégtress,
future work needs to verify the role of learning in shaping representations.gfoplex
can we find changes in the strength of patterns associated with differertiedeagia
result of experience? Second, while we were able to find common patterns $or face
associated with biographical information versus names alone, it is notxaety evhat
types of learning contribute to these patterns. For example, does the content of the
learned information matter? While this experiment raises many questimnaorth

noting that it also provides us with a method for addressing these questions in the future.

The learning generalization studies in the first two parts of the dissartatd the
imaging study in the last part of the dissertation both address the question of how
learning influences perception of faces, but they do so in different ways. While the
learning generalization studies help to tie changes in judgments of appetrahanges
in perception, the imaging study examines how learning change the pattertgityf ac
associated with different faces in visual areas of the brain. Althougleltreated these

two lines of work as separate, it is easy to imagine how they could be brought tagether
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the future. For instance, the methods established in the imaging study could be used to
examine the neural basis of the learning generalization effect. Ast stéip, | could

examine whether the patterns associated with different faces weréveensihe

physical similarity between faces. If this was found to be the case, | cardre the
influence of learning behavioral information on the learned faces as wll as
perceptually similar faces. It would also be possible to pit physicdbsityiand social
similarity against each other: would we see different effects of iy social

similarity in different parts of the brain?

Thinking back to the introduction, different groups of researchers have focused on
different aspects of person knowledge: vision scientists have focused on theipgoziess
faces and bodies, while social psychologists have focused on the cognitive tafistrua
others. However, visual and non-visual information are closely related: not only do we
gain much of our information through vision, but the visual system itself was likely
shaped by social constraints. In this dissertation, | explore one type otfiaiera
between visual perception and social knowledge: | examine how social knowledge
influences face perception. In doing so, | hope to have illustrated how both visual and
non-visual knowledge contribute to our representations of others and how considering

both sources of information opens up exciting avenues for future research.
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Footnotes

1. Including these three participants did not affect the results.

2. Although previous studies have found an effect of reporting global versus local
shape of a Navon letter on face recognition (Macrae & Lewis, 2002; Hills &
Lewis, 2007), we did not replicate this effect in our study. While there are many
potential explanations for this null effect, one stands out: participants in the
current study had more experience with the faces they were asked tozecogni
than did participants in previous studies. Research on the Navon effect grew out
of research examining eyewitness memory and, as a result, initial expptuze t
learned faces in the previous studies has tended to be brief, often on the order of
seconds. In contrast, participants in the current study saw each face senesral
and were tested on their ability to differentiate between faces. Peopletiarealh
recognizing familiar versus unfamiliar faces across a variety ofgesan visual
properties (Johnston & Edmonds, 2009) and therefore it seems possible that this
additional experience helped create face representations that werestegsible

to changes in processing strategy.
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Supplementary Material for Part 1

Methods

Preliminary study 1. We morphed 18 pairs of faces in increments of 10 percent.
In addition, morphs containing 35 and 65 percent of the base faces were included because
the greatest change in perceived identity was expected to occur clossetpdkgions.
On each trial, the morphs were presented in the middle of the screen following a 500-
millisecond fixation cross, with the endpoint faces on either side. Participardsagked
to categorize the morph as looking like one or the other endpoint face. The morph was
presented until the participant’s response. The 13 morphs for each pair of fages wer
blocked together. There were 18 blocks of faces for a total of 234 trials. The order of the

morphs in each pair and the order of the pairs were both randomized.

Preliminary study 2. As in the evaluation phase of the main experiment, half of
the 36 morphed faces were shown at one level of morphing and half were shown at the
other and this was counterbalanced across participants. Each trial began with a 1000-
millisecond fixation cross, followed by a face. Each face remained on tlea sorgl
participants categorized it as learned, similar to learned, or new. Patiscipaponded
using the number keys 1 (learned), 2 (similar to learned), and 3 (novel). When
participants responded “learned”, the face remained on the screen and thagkeere
further indicate whether it was previously paired with negative, neutral, orvgositi
information. Similarly, when participants responded “similar to learned”, wezg asked

to indicate whether the face that the current face resembled was prepaiustywith
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negative, neutral or positive information. Participants responded to the second question

using the number keys 4 (negative), 5 (neutral), and 6 (positive).

Additional Resultsfor Preliminary Study 2.

Categorization of learned faces. In the learning phase of the experiment, 33% of
participants were able to correctly identify which faces had beerdpaitie which type
of behavior after two test rounds, more than 90% were able to do so after four test

rounds, and 100% were able to do so after five test rounds.

In the categorization phase, participants categorized the learne@d$deesned
most of the time (Figure 1.2B in main tekt=.91,3D=.14). After correctly categorizing
the learned faces as learned, participants were quite good at identiyimglénce of the
behavior the face was previously paired with (FigureN$191,SD=.12). Thus,
participants were able to recognize both that the face was learned ancttive wdlthe
behavior associated with that face most of the tiktre.§3,SD=.18). When participants
did not categorize the learned faces as learned, they categorized themteascsi
learned K1=.09,SD=.14). Even on these trials, participants were still able to identify the
valence of the behavior associated with the original face most of theMim@3|

SD=.26).
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Figure S1. Correct identification of similarity to the learned faces and valence of
behavior by type of facNE15). Error bars represent standard error of the mean.

Categorization of morphsand novel faces. Participants were slightly more
likely to categorize the novel facdd£.15,SD=.11) and the 35% morphM€.16,
D=.09) as learned or as similar to learned than the 20% morphs (Figure 1.2B in main
text; M=.10,SD=.09),F(2, 28)=2.97p=.07,5,°=.18. However, the likelihood of
categorizing faces as learned versus similar to learned did not depend on tifddgpe
F<1 for the interaction of type of face and categorization. The increasatdielof
categorizing novel faces versus 20% morphs as learned or similar to learrszhtsypr
due to the fact that the faces used to create the morphs were selected basiedban th
similarity to the learned faces. Because the 20% morphs contain more afrilyessd
faces than the 35% morphs, it is not surprising that participants were legsdikel
categorize the 20% morphs as learned or similar to learned than the 35% morphs.
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Importantly, the categorization of the 35% morphs was indistinguishable from the

categorization of novel faces for all three levels of categorizdtet,

Participants only rarely mistook the 20% morpkis-(004, SD=.01) or the 35%
morphs M=.04, SD=.06) for learned faces. For the 20% morphs, only one participant
made this mistake and this person subsequently failed to identify the valence of the
behavior associated with the learned face. For the 35% morphs, participantbledio
identify the types of behaviors associated with the learned faces lesslftarth@atime
(M=.43,9D=.53), meaning that they could only have mistaken the 35% morphs for

particular learned faces on less than 2% of trials.

On trials where participants correctly categorized the 20% mokph0,
SD=.17) and the 35% morphkl€.28,SD=.17) as similar to the learned faces, they were
still not particularly good at identifying the valence of the behavior assocwith the
original face (for 20% morph#4=.38,3D=.16; for 35% morphd¥1=.51,SD=.27). That
is, participants correctly identified both the similarity to the learnegisfaad the valence
of the behavior associated with these faces on less than 14% of the trials for the 35%

morphs and on less than 8% of the trials for the 20% morphs.
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Supplementary Material for Part 3

Supplementary Methods

Main task. Pattern analysis with standard significance tests. Although non-
parametric permutation tests are beneficial in not making assumptions abouit the
distribution of pattern correlations, they are less conventional and more convectivaii
parametric statistical tests. To further support our conclusions, we abs fisidentity-
and group-level information using standard statistical tests. Prior to thedgsem
correlations were transformed to normally-distributed Fisher’'s z scavassi for
unique patterns associated with specific identities, the within-identity @hohvgroup
correlations were entered into a 2 (within-identity, within-group) x 2 @and-
biography, name-only) repeated-measures ANOVA. To test for distinetipatt
associated with each social knowledge group, within-group correlationcorepared

to between-group correlations using a paired samples t-test.

L ocalizer task. After the main task, participants completed two runs of a
functional localizer task to define the FFA. Each run contained color photographs of
faces (from a different set than those used in the main task) and scenes ie Sbpekat
Participants indicated whether faces were male or female and whethes svere indoor
or outdoor. Each block contained 12 images, presented for 500 ms each followed by a
1000-ms ISI, for a duration of 18 s (followed by 12 s of fixation). Images weseres
in the center of the screen, and subtended 5x5°. Each run contained six face blocks and
six scene blocks, shown in alternating order (starting category was coumtegblala

across participants), and lasted 369 s (including 9 s of discarded acquisitions).
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Localizer data were preprocessed using the same parameters amttaskador
each run, boxcar functions lasting 18 s were placed at that onset of each face or scene
block and convolved with a double-gamma hemodynamic response function, and these
two regressors were entered in a GLM. The resulting parameter estwerte combined
across the two localizer runs within participant using a fixed-effects Qldwletermine
FFA coordinates, parameter estimates for face and scene blocks weastedntind the
peak voxel in an anatomically-restricted region of the fusiform gyrus elested (e.g.,

Verosky & Turk-Browne, 2012).

Memory test. After completing the scan session, participants were given a
surprise test of memory for the biographical information presented with the Faces
each identity, participants were shown the image of the person facindgydioesard
and were asked to indicate whether they had learned any biographical inforrbatibn a
the person using the number keys 1 ("yes") and 2 ("no"). If they indicated that they ha
learned biographical information about the person, they were asked to furthatendic
whether it was primarily negative or positive in tone using the number keys 3
("negative™) and 4 ("positive™). Each trial began with 1 s of fixation and eacleimag

remained onscreen until response. The 16 identities were shown in a random order.

Supplementary Results

Behavior. Training. During the first test block of the training task (i.e., after one
round of training), accuracy in identifying the face that went with each nase w
significantly above chanc®1=69.58%,9D=13.91%, chance=33.33%19)=11.76,

p<.001). During the second test block (i.e., after another round of training), accuracy
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improved M=90.73%;3D=10.22%; vs. chanc§19)=25.27p<.001). Nine out of the
twenty participants reached the criterion of 95% correct during this block and did not
complete any further rounds of the task. During the third test block, accuraoyvedpr
further M=96.78%,9D=3.00%; vs. chanc&(10)=70.53p<.001), and nine more
participants reached criterion. During the fourth test block, the remaining t@pants
reached criterion (M=98.96%, SD=1.04%). Across all test blocks, participantsavere
more accurate in identifying the face that went with each name for thearaine-
biography M=85.07%,3D=7.83%) versus name-only identitiéd<£85.00%,SD=7.89;
t<1), and no faster to respond for the name-and-biogrdgh$322 msSD=431 ms)
versus name-only identitieME1266 msSD=363 ms}(19)=1.19,p=.25). Accuracy and
response time for name-and-biography versus name-only identities did notatiiey

of the individual test blocks either (accurapg>.13; response timps>.12).

Main task. Accuracy on the main task was near ceilibigF97.80%,9D=2.11%).
There was no main effect of whether a face was associated with biograplucakitidn
(F<1), but there was a marginally significant main effect of identity, ueth t
participants were slightly more accurate for the identity-saw7.99%;3D=1.98%)
than for the identity-change trials1€97.62%,5D=2.31%;F(1,19)=3.61p=.07). This
main effect was qualified by a marginally significant interactiomnwihether a face was
associated with biographical informatidf({,19)=3.43p=.08). For the name-only
identities, participants were significantly more accurate for the tgesaime
(M=98.24%,3D=1.98%) than the identity-change trial$£97.42%,SD=2.79%;

t(19)=2.45, p=.03). However, for the name-and-biography identities, there was no
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difference between identity-samd£97.73%,3D=2.35%) and identity-change trials

(M=97.81%,SD=2.26%;t<1).

In response times (RTs), there were no main effects of biographical atform
(F(1,19)=1.87p=.19) or identity F<1). However, there was a marginally significant
interaction between biographical information and iden{L (19)=3.45p=.08). For the
name-only identities, participants were numerically faster for theiigeyatme M=713
ms,SD=92 ms) than for the identity-change tridi$<725 ms,SD=105 ms}t(19)=1.48,
p=.16). For the name-and-biography identities, participants were numesicailgr for
the identity-sameM=731 ms SD=99 ms) than for the identity-change tridi4<730 ms,
D=98 ms;t<1). This analysis was based on correct trials only, but including RTs from

incorrect trials did not change the pattern of results.

Memory test. Participants accurately identified which faces were associated with
biographical informationN|=97.81%,9D=5.08%; vs. chance=50%{19)=86.12,
p<.001), and whether that information was negative or positive (M=94.37%, SD=8.58%;
vs. chance=50%(19)=49.20p<.001), despite never having been tested on this

information during training.
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Region Number of Within-identity =~ Within-group  Between-group
voxels
L FG anatomical 2894 .029 (.008) .013 (.006) .010 (.006)
R FG anatomical 3151 .029 (.008) .010 (.005) .009 (.006)
L FG functional 4169 .026 (.009) .015 (.006) .002 (.006)
R FG functional 4169 .028 (.008) .021 (.004) .010 (.005)
L ATL anatomical 4032 -.002 (.010) .003 (.006) .002 (.004)
R ATL anatomical 4012 .011 (.009) .005 (.005) -.001 (.004)
L ATL functional 4169 .001 (.008) .004 (.004) .004 (.005)
R ATL functional 4169 .004 (.007) .010 (.004) .000 (.004)

Table S1. Mean (and standard error) Pearson correlation coefficients based on all voxels
within each ROI (without feature selection). Within-identity: correlatioraxth identity

with itself across runs. Within-group: correlation of two different idestitiat were

either both name-and-biography or name-only. Between-group: correlation of oee nam
and-biography and one name-only identity.

Pattern analyses. Robustness of findings. To summarize, the observed effects
were slightly stronger when correlations were computed over voxels thatemsigve
to identity in half of the data (Figures 3.4 and 3.5 in the main text) versus when computed
over all voxels in each ROI (Table S1), and the permutation tests were slightly mor
sensitive than standard significance tests. Despite these smallraiffer¢he overall
pattern of results was consistent across the four analyses: permustsonith (Table
3.1) and without (Table S2) feature selection; standard tests with (Table S3)tamat wi

(Table S4) feature selection.

We found evidence for identity-specific patterns in the bilateral FG anabmic

ROls across all four analyses. In the bilateral FG functional ROIs amigdjbheA\TL
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anatomical ROI, this identity effect (permutation: within-identity vs fiéa within-

group; standard: main effect of within-identity vs. within-group) was sdmémore
sensitive to the analysis method. For the right FG functional ROI, the ideff¢ity was
significant with but not without feature selection in both permutation and standatd tes
Similarly, for the left FG functional ROI, the identify effect was diigant in the
permutation test with feature selection but only marginally significatiowtt and was
marginally significant in the standard test with feature selection but gaifisant

without. For the right ATL anatomical ROI, the identity effect was sigaift in the
permutation test with feature selection but not without, and was marginallyicaghih

the standard test with feature selection but again not without.

ROI |dentity Interaction Group
L FG anatomical 01* .35 27

R FG anatomical .001 * .78 48

L FG functional 07% 21 .005 *
R FG functional .20 .95 .007 *
L ATL anatomical 74 .94 46

R ATL anatomical 19 97 % 10

L ATL functional .67 .75 .50

R ATL functional .80 94 01*

Table S2. P-values for permutation tests of correlations without feature selection.
Identity: within-identity > within-group (one-tailed). Interaction: naared-biography
Identity vs. name-only Identity (two-tailed). Group: within-group > betwgup (one-
tailed). £p<.10; * p<.05.
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ROI Identity Interaction Group

F(1,19) p F(1,19) p t(19) p

L FG anatomical 7.89 .006 * .59 45 15 44
R FG anatomical 9.55 .003 * .08 .78 .60 .28
L FG functional 2.09 .08 ¥ .18 .67 1.33 10 f
R FG functional 5.20 .02~ .86 .36 2.81 .006 *
L ATL anatomical .79 19 1.94 .18 .52 .30
R ATL anatomical 2.92 .051% 191 .18 1.13 14
L ATL functional 57 .23 .54 A7 .83 21

R ATL functional .61 22 6.86 02 * 1.71 .05 %

Table S3. Standard significance tests of correlations with feature selectiemtitid
within-identity > within-group (one-tailed). Interaction: name-anaigbaphy Identity vs.
name-only Identity (two-tailed). Group: within-group > between-group (aited). The
main effect of Biographical Information (name-and-biography vs. name-isnpt
shown and was not significant in any region (two-taifed?>.31). 1p<.10; * p<.05.

The test of whether the identity effect was influenced by biographical iatmm
was significant in the right ATL functional ROI in all cases except the patonttest
without feature selection. As previously described, this interactiont ¢ffeanutation:
name-and-biography within-identity vs. name-only within-identity; stasidateraction
of within-identity/within-group vs. name-and-biography/name-only) wasiin a
unexpected direction, with a stronger identity effect for the name-only iderikiae the
name-and-biography identities. However, given the overall absence of an iddatty ef
in the right ATL functional ROI, the interaction effect should be interpretddcaution.
Regardless, across all ROIs, biographical information didneogase the strength of

identity correlations.
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ROI Identity Interaction Group

F(1,19) p F(1,19) p t(19) p

L FG anatomical 5.82 01+ 27 .61 .52 .30
R FG anatomical 4.27 .03 * .84 37 .05 48
L FG functional 1.50 24 .62 22 1.92 .03 *
R FG functional .59 .23 3.49 .08 t 2.25 .02 *
L ATL anatomical .30 .30 2.17 .16 .09 46
R ATL anatomical .76 .20 2.70 A2 1.06 A5
L ATL functional 13 .36 57 46 .00 .50
R ATL functional 1.05 .16 6.38 02 * 1.69 .05 %

Table $4. Standard significance tests of correlations without feature selecteortityd
within-identity > within-group (one-tailed). Interaction: name-anaigbaphy Identity vs.
name-only Identity (two-tailed). Group: within-group > between-group (aited). The
main effect of Biographical Information (name-and-biography vs. name-isnpt
shown and was not significant in any region (two-taifed>.59). 1p<.10; * p<.05.

Finally, we found consistent evidence for group-level information in the lalater
FG functional ROIs across analyses. For the right FG functional R®Qgriup effect
(permutation: within-group vs. shuffled between-group; standard: planned comparison of
within-group vs. between-group) was significant across all four analysethd-left FG
functional ROI, the group effect was marginally significant in the petmuatéest with
feature selection and significant without, and was marginally signtfioghe standard
test with feature selection and again significant without. Finally, forigihe ATL
functional ROI, the group effect was significant with and without featueetsen in the
permutation test, and was marginally significant with and without featieetieel in the

standard test.
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Appendix A: Biographical vignettesused in Part 2, Experiment 1

Negative: He recently finished a prison sentence for attempted manslaughter.
Since he got out, he has been working at his uncle’s deli, but he has a bad temper and he
is very unpopular with his coworkers, so his uncle has asked him to find another job. He

spends his spare time in the local bars, getting drunk and picking fights with stranger

Neutral: He has a steady job. He doesn't find it particularly interesting, but it
does provide him with a steady source of income. He recently joined a bowling leag
with some colleagues from work and they meet up every Tuesday night. In his spare

time, he practices in hopes of improving his game.

Positive: He runs a very successful nonprofit business that helps fund afterschool
programs for disadvantaged children. He is also a volunteer firefighter and hekbds ri
his own life a number of times in order to save others. In his spare time, he enjoys

spending time with his children, often taking them to the zoo or to ballgames.
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Appendix B: Example biographical vignettesfor Part 3

Negative example: Jessica was laid off from her job in a department store
because she was caught stealing. She would sneak expensive items of clothinigeout of
store in her purse and then she would return them at a different branch of the store for
cash. She also bought several pieces of jewelry at a discount price on emdogagatdi
day and then returned them for full price. While she worked at the store, people’s
belongings would often go missing from the employee break room; now that she is gone,
this no longer happens. On the one hand, people were surprised to learn that she had been
doing this: her job in the store paid well and the amount of money she made through the
returns was small in comparison. On the other hand though, she had never been popular
among her coworkers. After losing her job, she decided to comfort herself hy &aki
short trip to Florida. She has been spending her days on the beach — trying to think of

clever ways to make money — and her nights in the club.

Positive example: Tiffany is a good role model for her students. She began her
job as a high school teacher three years ago and since then test scores havergbne up a
more students have gone to college. She teaches chemistry — hardly the marstuglam
subject — but somehow she manages to get all of the students involved. Not only is she
good at explaining difficult concepts, but she is also good at conveying her enthusiasm
for the subject. She genuinely enjoys spending time with her students and senséegme

will organize weekend trips to take them to places — like the Natural Historguvius

112



where they otherwise would not think to go. In her spare time, she also enjuys bei
active and doing things like hiking and going to the gym. She has never thought of
herself as much of a runner, but recently she and her husband started trainimgjffor a
marathon. As the marathon gets closer, they will go on longer and longer rinoaighlt
the first few days have been tough going, she keeps imagining how amazilhfgitvo

have done this.
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