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Abstract

Saarimaki et al. (2015) published a paper claiming to find the neural “fingerprints” for anger, fear, disgust, happiness, sadness,

and surprise using multivariate pattern analysis. There are 2 ways in which Saarimaki et al.’s interpretation mischaracterizes

their actual findings. The first is statistical: a pattern that successfully distinguishes the members of one category from the

members of another (with an accuracy greater than that which might be expected by chance) is not a “fingerprint” (i.e., an

essence); it is an abstract, statistical summary of a variable population of instances. The secondway in which Saarimaki et al.’s

interpretation mischaracterizes their results is conceptual: their findings do not actually meet the specific criteria for basic

emotion theory. Instead, their findings aremore consistentwith a theory of constructed emotion. In our view, Saarimaki et al. is

elegant in method and important in that it demonstrates empirical support for a theory of emotion that relies on population

thinking; it is also an example of how essentialism—the belief that all instances of a category possesses necessary features that

define what is, and what is not, a category member—contributes to a fundamental misunderstanding of the neural basis of

emotion.
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Introduction

Over the past decade, multivariate pattern andmachine learning

analyses have become increasingly popular tools for use in

human functional neuroimaging (Kamitani and Tong 2005;

Haynes and Rees 2006; Norman et al. 2006). These approaches

are now in widespread use across cognitive, affective, and social

neuroscience, receiving particular attention when applied to

questions for which older techniques have failed to produce

the expected results. One example comes from affective neuro-

science, where it has long been hypothesized that a small set of

emotion categories (e.g., anger, fear, disgust, happiness, sadness,

and surprise) have distinct neural essences that support different

survival functions (for a recent discussion, see Tracy and Randles

2011, whowrote, the “agreed-upon gold standard is the presence

of neurons dedicated to the emotion’s activation” p. 398; emphasis

added). This hypothesis belongs to the theory of basic emotions,

which hypothesizes that certain categories of emotion are bio-

logically primitive (meaning that they are biological building

blocks that cannot be further reduced to more fundamental me-

chanisms at the biological level). The theory of basic emotions is

an example of a broader faculty psychology approach to the

brain, within which it is assumed that psychological categories

are natural kinds with an essence in the Lockean sense—for ex-

ample, a shared neural circuit that is the underlying cause of in-

stances of anger, making them anger and not some other

emotion, such as fear (Barrett 2006; Barrett et al. 2007; Lindquist

and Barrett 2012). Recently, Saarimäki et al. (2015) published a
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paper claiming to find the neural “fingerprints” for anger, fear,

disgust, happiness, sadness, and surprise usingmultivariate pat-

tern analysis (p. 8). They successfully created a multivoxel pat-

tern for each category that diagnosed new contrast maps with

an accuracy abovewhat would be expected by chance. Saarimaki

et al. interpreted their findings as empirical support for basic

emotion theory (as the title of their paper indicates).

There are two ways in which Saarimaki et al.’s interpretation

mischaracterizes their actual findings. The first is statistical: A

pattern that successfully distinguishes the members of one cat-

egory from the members of another (with an accuracy greater

than that which might be expected by chance) is not a “finger-

print” or an essence. Just as we use “fingerprint” colloquially to

suggest something that is both unique to 1 person, and unchan-

ging, the implication is that the specified configuration of voxels

is both unique to the specified emotion and unchanging—in

other words, it should appear in every instance of that emotion

(human fingerprints are used to distinguish one person from an-

other. The fingerprints for a given individual do not look identical

each time, due to variation in the surface as well as other vari-

ables such as grip strength, skin temperature, etc., but they are

similar enough to function as a unique identifier, because they

share an underlying essence [the skin ridges on the finger pad

that leave marks on surfaces]). This is, however, mathematically

incorrect; the voxels that make up a “pattern” for a category do

not represent a configuration that is seen in every (or even any)

single instance of that category. We demonstrate this with a

simulation in Figure 1. First, we created a simple “brain”, consist-

ing of 1000 voxels. We then specified 5 distinct patterns of voxels

—each of which corresponds to a different “category,” consistent

with the basic emotion theory hypothesis that anger, fear, dis-

gust, happiness, sadness, and surprise are each represented by

a unique, fixed pattern (a neural essence). We then generated

200 individual instances from each pattern (1000 in total), adding

random noise to the specified “essence” to mirror the variability

due to induction method, subject, and conditions within a true

imaging experiment (for details, see Fig. 1). Finally, we trained

a classifier on the original “essences” and tested these classifiers

on the generated individual instances, using the same type of

machine learning algorithm as reported in Saarimaki et al. Our

simulation achieved accuracy rates similar to (and even higher

than) those reported by Saarimaki et al., but the pattern of voxels

(indeed, even a single voxel) was not present in every instance of

its associated category (see Fig. 2).

A pattern classifier that successfully diagnoses the members

of an emotion category does not produce the brain state for that

emotion category.Multivoxel pattern analysis and other forms of

pattern classification work by the logic of population thinking.

According to the evolutionary biologist Ernst Mayr (2004), one

of Darwin’s greatest innovations was to vanquish essentialism
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Figure 1. Multivoxel pattern simulation. We constructed a simple simulation using a “brain” consisting of 1000 voxels. We specified 5 distinct patterns of voxels, each

representing a hypothetical “category” and then trained a naive Bayesian classifier on these patterns. Next, we generated 1000 individual instances (“trials”), based on

these patterns, adding random noise to remodel the noise that would occur in a true imaging experiment. We added the amount of noise that would produce

accuracy rates similar to those reported in Saarimaki et al. (see Fig. 2d; “movies across subjects”): for each category (i.e., each “emotion”), there was a 0.52–0.58

probability of activation for voxels that were part of the intended pattern, and a 0.5 probability of activation for all other voxels. Here we picture the “neural essence”

for each category and examples of correctly classified instances. With this level of noise, we were able to achieve accuracy rates similar to (and even higher than)

those reported by Saarimaki et al. (0.455, 0.75, 0.88, 0.61, 0.715). Even with these above chance levels of classification accuracy, none of the patterns are seen in every

correctly classified instance, demonstrating that the patterns produced by the classification analysis do not reflect “fingerprints” that are seen in every incidence of a

category.
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and show that a biological category, such as a species, is not a

physical type with a Lockean-type biological essence. Biological

categories are conceptual categories populated by unique and

highly variable individuals that do not share any necessary fea-

tures. Any statistical summary of a category is an abstraction

that does not necessarily exist in nature. This is also how emo-

tion categories work (Barrett 2013). Although as a group the in-

stances of any emotion category can be diagnosed with a pattern,

the pattern itself is an abstraction and does not necessarily describe

one feature or set of features that isnecessary forevery (orevenany)

single individual instance in the category (seePosnerandKeele 1968

for an example of population thinking in abstract categories using

random dots). Analogously, the average middle class U.S. family

has 3.13 children, but no family actually has 3.13 children (the num-

ber is an abstract summary of families with different numbers of

children). Thus, in a statistical sense, Saarimaki et al. did not find

evidence to support the theory of basic emotion, nor the existence

of biologically basic emotion categories.

The second way in which Saarimaki et al.’s interpretation

mischaracterizes their results is conceptual: Several versions of

basic emotion theory exist (Ekman and Cordaro 2011; Izard

2011; Levenson 2011; Panksepp and Watt 2011; for summary

and comparison, see Tracy and Randles 2011), but all agree that

several criteria must be met for an emotion to be considered

“basic,” only two of which are relevant to our discussion here.

First and foremost, each emotion category is thought to have a

neural essence (dedicated and distinct neural circuitry) shared

by all instances. For example, in their summary of basic emotion

theories, Tracy and Randles (2011, 398) wrote, “while individual

and cultural learning can change the conditions and intensity
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Figure 2.No subsets of “voxels” existwithin all instances of any category. There is no single “voxel” for a given pattern that appears in every successfully classified instance

of a category. “Voxel” numbers are displayed on the x-axis. Number 1–200 belong to Category 1; no. 201–400 belong to Category 2; no. 401–600 belong to Category 3; no. 601–

800 belong to Category 4; no. 801–1000 belong to Category 5. Thenumber of instanceswithin each category inwhich each “voxel”was “activated” is displayed on the y-axis.
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with which basic emotions are activated and experienced, they

cannot create, do novo, a basic emotion that is not already pos-

sible via genetically encoded neural structures,” where each

emotion has its own “distinct neurology” (p. 398). Yet, the voxels

constituting a pattern were not unique to and dedicated to any

single emotion category, as we have already demonstrated.

Also emotion essences are presumed to be homologous across

species (i.e., evolutionarily old and heritable). For example,

fromTracy and Randles (2011, p. 398) “All agree that cross-species

generalization. . .. is a clear indicator”.

The results reported by Saarimaki et al. do not meet either of

these criteria. The voxels constituting a pattern were not unique

to and dedicated to any single emotion category, as we have al-

ready demonstrated. Furthermore, it is unclear how sparsely dis-

tributed patterns can be homologous across different species

(and therefore easily heritable) [An additional flaw in the logic

of basic emotion theories is that even if different species share

the same brain structures at a macro level, structural homology

does not guarantee functional homology. For example, macaque

monkeys have a definable default mode network (Mantini et al.

2013), although there is no evidence that they use this network

to mentalize or engage in mental time travel as humans do.

Chimpanzees have the equivalent of a human language network,

although they do not possess the capacity for human language

(Sherwood et al. 2012). Human, chimp, andmacaque brains differ

in their microwiring (Finlay and Uchiyama 2015) because as

brains grow larger, they re-organize (like companies) rather

than just lay down new tissue on old (like sedimentary rock;

Striedter 2005)]. Moreover basic emotion theories are typically

based on Maclean’s outdated (but still frequently cited) “triune

brain” (Maclean 1990) which localizes emotion essences to lim-

bic circuitry deep within subcortical regions (Panksepp 1998),

sandwiched between the “reptilian brain” in the brainstem (for

hunger, thirst, etc.) and the isocortex (sometimes called the

neo-cortex) where cognitive functions are typically localized.

Again from Tracy and Randles (2011, p. 398), “basic emotions

are primitive in that they must originate in subcortical brain

structures.” The patterns described by Saarimaki et al. clearly

violate this requirement because they are distributed throughout

the brain and are concentrated relativelymore heavily within the

isocortex. Thus, the results reported in Saarimaki et al. do not

meet the most elementary criteria for basic emotions laid out

by recent discussions of basic emotion theories. More generally,

the ability to categorize a set of instances in no way implies that

the underlying processes are themselves categorical (which is

also assumed by basic emotion theory). This is a common mis-

perception that interferes with scientific thinking and can hinder

efforts to better understand the nature of emotion and its neural

bases. For example, we perceive human speech as a string of dis-

crete sounds (phonemes), but the underlying acoustical signals

are continuous.

The Saarimaki et al. paper is elegant in method, and the re-

sults are impressive in that they do provide empirical support

for a theory of emotion that relies on population thinking. This

is the conceptual act theory of emotion (Barrett 2012, 2013;

Lindquist and Barrett 2012; Barrett et al. 2015), which belongs to

a family of constructionist emotion theories (for a review, see

Barrett and Russell 2015; Cunningham 2013; Oosterwijk et al.

2015). The conceptual act theory explicitly hypothesizes that

an emotion word like “anger” refers to a population of variable,

situation-specific instances, and that emotion categories do not

have neural essences, although, as categories, they certainly

could be successfully diagnosed by pattern classification. Accord-

ing to the conceptual act theory each instance of emotion is

hypothesized to arise from an interaction of core networks with-

in the intrinsic architecture of the brain (for the latest version, see

Barrett and Satpute 2013; Barrett and Simmons 2015; Barrett et al.

2015). The conceptual act theory specifically hypothesizes that

regions of the default mode network, the salience network, and

other intrinsic networks are important for constructing instances

of emotion. For example, one specific hypothesis is that medial

prefrontal and posterior cingulate cortices/precuneus are import-

ant for predicting and conceptualizing sensory inputs, including

interoceptive inputs from the body’s internal milieu; Barrett

2012; Barrett and Simmons 2015); this is exactly what Saarimaki

and colleagues report. In fact, their findings are consistent with a

growing body of literature that has failed to find evidence that

emotion categories are biological basic and instead provide direct

evidence for the conceptual act theory (e.g., see our pattern classi-

fication analysis of an emotion meta-analytic database, Wager

et al. 2015; see recentmeta-analyses of traditionally analyzed neu-

roimaging studies; Kober et al. 2008; Lindquist et al. 2012; see also

Hamann (2012)’s discussion of Vytal and Hamann 2010; intrinsic

connectivity evidence from resting-state fMRI analyses, Tourouto-

glou et al. 2015; a review of intracranial stimulation in humans,

Guillory and Bujarski 2014; a review of lesion studies in humans,

Lindquist et al. 2012). In fact, there are no neurons (configured as

regions, circuits, or networks) that are specific to the category of

emotion more broadly (Barrett and Satpute 2013).

In our view, Saarimaki et al. is an example of how essential-

ism—the belief that all instances of a category possesses funda-

mental, necessary features (i.e., an essence) to definewhat is, and

what is not, a category member—interferes with the interpret-

ation of pattern classification, leading to a basic misunderstand-

ing of the neural basis of emotions. They are not alone. Other

neuroimaging studies using classifiers to empirically distinguish

one emotion category from another make similar errors (Kassam

et al. 2013; Kragel and LaBar 2015), as do studies of facial move-

ments (i.e., “expressions”) or autonomic nervous system re-

sponses (e.g., Yuen et al. 2012; Park et al. 2013; Kragel and LaBar

2014)]. Essentialism’s tendency to interfere with scientific pro-

gress is not unique to the science of emotion. It interferes with

scientific understanding more generally, particularly in relation

to natural selection and evolution (Gelman and Rhodes 2012;

also, see a number of essays in the recent volume, “This Idea

Must Die,” Brockman 2015).

Some critics might suggest that the criteria we have laid out

here set an unrealistically high bar for evidence supporting the

existence of basic emotions. We would not disagree, but would

only add that the criteria we listed do not originate with us;

they reside in the claims of basic emotions theories themselves.

If the criteria seem unrealistic, it is because the theories them-

selves are so.
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