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Abstract—I propose to broaden the scope of affect detection research in three

related directions. First, the task definition should be broadened from the detection

of affects to the inference of mental states. Second, the detection process should

be reconceptualized as an inference to the best explanation that makes essential

use of a theory of mind. Third, additional data sources should be utilized to infer

emotions: information about the situation (eliciting events), information about

emotion-related goal-directed actions, and self-reports about emotions.

Index Terms—Human-computer interaction, affective computing, affect detection,

theory of mind, inference to the best explanation, emotion self-reports.
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1 INTRODUCTION

WITH their interdisciplinary review of affect detection (AD), Calvo
and D’Mello (this issue) have done a valuable service to both
emotion scientists and affective computing researchers (see also,
[38]). This comment is written from the perspective of an emotion
psychologist. I first summarize the potential benefits of the recent
AD research for emotion psychology, and then make three
suggestions for how this research could be developed further.

2 HOW AFFECT DETECTION RESEARCH CAN BENEFIT

EMOTION PSYCHOLOGY

The aim of the studies on affect detection by affective computing
researchers is not to answer theoretical or empirical questions of
emotion psychology; rather, it is the practical goal of increasing the
quality of human-computer interaction by endowing computers
(or, better, artificial agents) with the capacity to recognize, and
react appropriately to, the emotions of humans (see [19]). Still, this
research can provide several benefits to emotion psychology. First,
it yields empirical data relevant for the questions of emotion
psychology, such as data on which emotions are expressed in
which behaviors under which conditions. Second, affective
computing researchers have recently begun to extend the earlier
psychological AD studies in several directions. The most important
of these extensions are: the consideration of ”nonbasic” emotions
(e.g., frustration, interest, boredom) that have been largely
neglected in psychological AD research, the study of spontaneous
emotional expressions in everyday life situations and, related to
this, the construction of new affect expression databases, the
increasing consideration of multimodal affect detection, and the
application of advanced computational methods for affect in-
ference. Some of the algorithms proposed for this purpose could
be of interest to psychologists as possible models of how humans
infer emotions. But even when this is not the case, reliable
automatic AD systems would be highly useful to emotion
psychologists. For example, facial expression researchers would
welcome an automated facial action coding system that relieves
them of the chore of hand-coding videos (e.g., [22]).

The recent trends in AD research documented by Calvo and
D’Mello are all on the right track, and I applaud them. However, I
would like to persuade affective computing researchers to broaden
the scope of their inquiry still further, in three closely related
directions. First, I propose to broaden the task definition from the
detection of affects to the inference of mental states. Second, I
propose to reconceptualize the detection process as an inference to the
best explanation that makes essential use of a theory of mind (and
possibly simulation). Third, I propose to utilize additional data
sources to infer affect: information about the situation (emotion-
eliciting events), information about emotion-related goal-directed
actions, and self-reports about emotions (and emotion-related
mental states). These proposals converge on the suggestion to
make the process of affect detection by artificial agents more
human-like and, as a consequence, its outcomes more useful, both
to humans and to the artificial agents themselves.

3 FROM AFFECT DETECTION TO MENTAL STATE

INFERENCE

Affect detection is but a special case of the much more general
problem of mindreading—the inference of others’ mental states.
Other than the historically contingent definitions of the field and
tasks of affective computing, I can see no reason to restrict the
detection problem to the inference of affective states. On the
contrary, two arguments speak against such a restriction.

First, knowledge about nonaffective mental states, in particular
cognitive states (beliefs) and motivational states (desires, inten-
tions), is at least as important for enhancing the quality of human-
computer interaction as is knowledge about emotions (e.g., [1]).
Second, even if the focus is on the inference of emotions, cognitive
and motivational states should be considered because emotions are
closely connected to them (e.g., [18], [23]). As a consequence, if one
has a theory of the relations of emotions to beliefs and desires, one
can use this theory to infer emotions from knowledge about these
other mental states (for an affective computing illustration of this
idea, see [2]). Such knowledge, at least in the form of plausible
conjectures, is indeed often available. For example, knowing or
assuming 1) that you wanted to gain a point in a game (which I
could simply infer from my general knowledge that most game-
players want to gain points) and believed that you would gain it,
and 2) that you have come to believe that the desired event did not
materialize (which I could simply infer from seeing that you failed
to gain the point), I can infer that you feel disappointed.

If affective computing researchers decide to broaden the task
definition from affect detection (AD) to mental state detection
(MSD), they may wish to consult the broader literature on
mindreading that has accumulated in several fields of psychology.
In particular, in social psychology, the study of common-sense
psychology—which includes the problem of mindreading—has
been a productive research area for more than 50 years ([10], for
reviews see [16], [27]). In developmental psychology, the nature
and ontogenetic development of the capacity to ascribe mental
states to others has become the topic of an intense interdisciplinary
discussion between psychologists and philosophers (see [4] for a
recent review). This research has apparently been largely neglected
so far in the field of affect detection, as has been related research by
computational scientists, for example on intention recognition
(e.g., [1]) and theory-of-mind-based reasoning (e.g., [21]).

4 RECONCEPTUALIZING MENTAL STATE DETECTION AS

A THEORY-OF-MIND BASED INFERENCE TO THE

BEST EXPLANATION

What kind of process is MSD? The most plausible answer to this
question, in my view, is that MSD is a process of abduction, or
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inference to the best explanation, in which that one of several possible
mental states is attributed that fits best with the totality of the
available evidence (see [25] for an application of this idea to the
inference of surprise). Several computational models of abduction
have been proposed (see, e.g., [13], [34]). Independent of which of
these models is to be preferred, an important insight of Heider’s
[10] analysis of common-sense psychology is that MSD makes
essential use of a theory of mind that specifies the typical
connections between different mental states, situations (events),
and behaviors. This insight connects up with the second reason I
gave for my earlier suggestion to broaden the task definition of AD
to MSD—that doing so allows the theory-based inference of
emotions from other mental states. Now, however, the emphasis is
on another benefit of theory-based inference: By placing con-
straints on the possible solutions to an MSD problem, a theory of
mind helps to solve the problem that mental state inferences are
usually underdetermined by the available data.

The proposed reconceptualization of MSD as a case of theory-
guided inference to the best explanation entails that artificial
agents need to be endowed with a (at least rudimentary) theory of
the human mind, specifically the emotion system, to efficiently
infer emotions. In addition, artificial agents also need an emotion
theory for another reason, namely, to be able to react appropriately
to the affect they detect in humans (a second main task of affective
computing; see Calvo and D’Mello, this issue and [19]). Lacking an
emotion theory—a theory that relates emotions not only to
behaviors (e.g., facial expressions), but also to other mental
states—the agent’s emotion concepts (e.g., “fear,” “anger”) are
extremely rudimentary: About all they allow the agent to do is to
classify certain behaviors into a number of labeled categories. Not
knowing the (likely) causes and consequences of a detected
emotion, the agent is unable to systematically influence this
emotion and to predict its effects on cognition and action.

In sum, without a theory of mind (that includes a theory of
emotion), the capabilities of artificial agents to both detect
emotions and to respond to them are extremely limited. In fact,
unless an artificial agent’s emotion concepts are embedded into a
theory of mind that imbues them with (additional) meaning, one
cannot even properly say that the agent detects emotions. The
inference of emotion deserves to be called an inference of emotion
by the agent only if the agent possesses a reasonable approximation
to the emotion concepts of humans (e.g., “afraid,” “happy”), and
human emotion concepts acquire their meaning as terms in an
implicit theory of mind.

The proposed reconceptualization of the process of affect
detection as a case of theory-of-mind-based inference to the best
explanation, as well as the related proposal to infer emotions from
other mental states connected to them, imply that affective
computing researchers need to pay attention to psychological
theories of emotion (or, perhaps, to the emotion theory implicit in
common-sense psychology), even if they are not interested in
emotion psychology per se but only want to improve the affect
detection and responding abilities of artificial agents.

The psychological and philosophical literature on MSD also
suggests the existence, in humans, of an alternative or supplement
to the theory-guided inference of emotions: Instead of using a
theory of mind, one can infer the emotions of others by engaging in
a mental simulation that makes use of one’s own emotion system
(see, e.g., [9]). For example, to find out how you might have felt at a
certain point in a game, I can imagine myself being in your
situation and observe how I feel. Humans probably make use of
both processes: theory-guided inference and simulation (see also,
[33]). Analogously, future artificial agents might infer or predict
the emotions of humans by using their own artificial emotion
mechanisms to simulate how they would feel in particular
situations. Doing so presupposes three things: that the agents

have emotion mechanisms, that these mechanisms are sufficiently
human-like, and that the agents can use them “offline,” i.e., for the
purpose of simulation. If this suggestion is followed, the task of
affect detection would become intimately connected to a third
main task of affective computing ([19]), that of endowing artificial
agents with the capacity to have emotions themselves.

5 INCLUDING INFORMATION ABOUT ELICITING EVENTS,
EMOTIONAL ACTIONS, AND VERBAL

COMMUNICATIONS ABOUT EMOTIONS

My third suggestion is closely connected to the first two: Affective
computing researchers should broaden the range of the data
sources from which affect is inferred. As Calvo and D’Mello note,
so far the focus has been on the involuntary behavioral manifesta-
tions of emotions (facial expressions, prosodic features of speech,
peripheral physiological changes). What has been largely ne-
glected so far (noteworthy exceptions, concerning situational
information, are [2], [12]) are three other sources of information
about emotion that play an important role in both everyday and
scientific emotion inference (see [25], for an example): 1) informa-
tion about the situational context, in particular about emotion-
eliciting events, 2) information about emotion-related goal-directed
actions (e.g., aggression in the case of anger, helping in the case of
pity, apologizing in the case of guilt; see [37]), and 3) verbal
communications (self-reports) about emotions and emotion-related
mental states. To see why these additional sources of information
about affect are not just useful but necessary for successful AD, I
digress to elaborate on the limitations of nonverbal emotion
indicators to which Calvo and D’Mello (this issue) briefly refer in
their discussion.

6 LIMITATIONS OF AFFECT DETECTION FROM

NONVERBAL EXPRESSIONS OF EMOTION

Affect inference from nonverbal manifestations of emotions is
based on the premise that emotional states manifest themselves
reliably in nonverbal behaviors (e.g., facial expressions, physiolo-
gical changes). However, even the proponents of ”basic emotion”
theory (e.g., [5]), who assume a tight, biologically determined link
between certain emotions and nonverbal behaviors, acknowledge
that the information about emotions carried by these behaviors is
limited to a small number of quality and intensity distinctions.
And this is also what the empirical data suggest (e.g., [15], [20],
[32], [38]). Nonverbal behaviors do not provide information about
the subtler distinctions between human emotions, and may
entirely miss emotions of low intensity. Most nonverbal behaviors
(facial expression, tone of voice, physiological changes) do not, by
themselves, provide information about the object of the emotion
(what the person is happy about or afraid of), nor about the
specific beliefs and desires that caused an emotion, or the specific
action intentions that the emotion may have caused. However,
these kinds of information are of crucial importance for being able
to appropriately react to, and even to fully understand, another’s
emotions.

Even the limited amount of information about affect that is
potentially available in nonverbal expression is often unavailable.
The main reason for this is that emotions are not always mirrored
in the nonverbal systems or not always in the same way. These
problems can be well illustrated for facial expression, generally
considered to be the best-discriminating nonverbal channel of
emotion expression, and partly for this reason the nonverbal
channel on which most AD research has focused (Calvo and
D’Mello, this issue, and [38]). (Similar conclusions can be made for
other nonverbal indicators of emotion, such as bodily changes and
paralinguistic features of speech; see, e.g., [15], [17], [20], [32].) To
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make the problem concrete, consider emotional reactions in
computer games (e.g., [14], [36]). Even in simple games, humans
can experience many different emotions in quick succession and
with changing objects. For example, they can experience surprise
about unexpected turns in the game, fear of being attacked by an
enemy, and relief about getting away; hope of winning points,
happiness about having won points, and disappointment about
not doing so; pride about a clever move, and self-anger about a
stupid one. The majority of these emotions (hope, relief,
disappointment, pride) have no, or at least no unique, facial
expression. But even if one considers only emotions (or groups of
emotions) for which distinctive facial expressions are thought to
exist, such as joy and surprise [5], facial expressions are far from
perfect emotion indicators.

The relatively best evidence for the coherence of facial
expression and emotion exists for smiling and associated emotions
such as happiness and amusement (e.g., [31]). However, even in
this case, the correlation between mental state and expression is by
no means perfect. Not only can smiling occur in the absence of an
emotion; smiles often fail to occur despite the presence of an
appropriate emotion. Considerable research indicates that this is
not only, and not even mainly, due to the suppression of the
tendency to smile, as Ekman’s [5] theory of basic emotions would
suggest. Rather, the very occurrence of the tendency to smile seems
to depend on factors in addition to emotion, in particular the social
context (the presence of others; see [11], [32], [35]). With respect to
other emotions for which distinctive facial expressions have been
claimed [5], such as surprise, disgust, and anger, the association
between emotion and expression seems to be even weaker. We
have studied this question in some depth for the case of surprise
[22], [25]. Our main empirical finding can be summarized by
saying that the facial display of surprise is typically not shown by
surprised people. For example, [22] found that no more than
34 percent of the participants showed at least one component of the
traditional surprise expression (eyebrow raising, eye widening,
mouth opening/jaw drop) in response to an unexpected, surpris-
ing solution to a quiz item. Furthermore, most surprise expressions
were one-component displays. Reisenzein et al. [25], who induced
surprise by unannounced audiovisual changes and the unexpected
appearance of the participants’ own face as the last picture in a
series of photographs that had to be rated, observed surprise
displays in only 12 percent of the cases and none of them was a full
3-component display. This study also provided evidence that the
failure to show a surprise expression was not due to insufficient
intensity of surprise or the deliberate suppression of the facial
expression, for even if these factors were controlled, the frequency
of facial expressions did not increase. The empirical evidence on
the coherence of emotions and facial expressions for yet other
“basic” emotions, such as anger and disgust, is less abundant, but
points to the same conclusion (e.g., [26]): Emotional states are very
often not revealed in facial expressions; rather, this is the case only
under special circumstances.

The empirical findings of moderate to low correlations between
emotions and facial expressions receive additional, deductive
support from theoretical, specifically evolutionary-psychological
considerations, which suggest that emotions should be signaled to
others, if at all, only in a selective fashion. The reason is that by
giving away their emotions, people incur costs: They become more
predictable and thus exploitable by others, and they may give
away useful information about the environment (e.g., that some-
thing unexpected happened in the case of surprise) for free (e.g.,
[3], [6]). The (truthful) signaling of emotions to others is therefore a
form of biological altruism that, like other altruistic behaviors,
requires special evolutionary conditions for its emergence. Possible
evolutionary scenarios are kin selection, reciprocal altruism, group
selection [29], and costly signaling. With the possible exception of

costly signaling (see [3]), all of these scenarios require that
emotions are not signaled indiscriminatively, but are revealed
selectively to suitable targets—be it close kin, partners in a
cooperative relationship, or members of a group with which the
sender identifies.

7 OVERCOMING THE LIMITATIONS OF AFFECT

INFERENCE FROM NONVERBAL BEHAVIORS

To overcome the limitations of affect inference from nonverbal
behaviors, information about emotion-eliciting events, emotion-
related goal-directed actions, and self-reports needs to be taken
into account. Information about the events that occur to a person
can be used to infer the person’s emotions together with an
emotion theory that connects events to beliefs, desires, and
emotions (see [2] for an affective computing example; see also,
[33]). Likewise, knowledge about the occurrence of emotion-
related actions can be used, together with a theory of mind that
connects actions to emotions, to infer the presence of emotions
from actions. For example, if one knows that Jim helped Joe, who
suffered some mishap, one can infer that Jim may have felt pity for
Joe ([37]).

However, the most direct and richest source of information
about emotions, and emotion-related mental states, are self-
reports. Compared to nonverbal emotion expressions (considered
as emotion communications), verbal reports have two decisive
advantages [24]. First, being intentional actions (speech acts),
verbal communications allow us to precisely target the commu-
nication of an emotion to the right person at the right time. Second,
verbal communications allow us to transmit much more, as well as
more precise, information about emotions than nonverbal signals:
At least in principle, one can communicate whatever feature of
emotion is available to consciousness and thus to introspection.
Both the quality and intensity of emotions are more precisely
represented in consciousness than they are reflected in nonverbal
expression [22]. In addition, introspection can yield direct,
unambiguous information about the situational and mental context
of the emotion, including the emotion’s object (the emotion-
eliciting event), the beliefs and desires that caused the emotion,
and the action tendencies that it may, in turn, have caused. This
information makes emotion attributions more secure, as well as
more precise (see [25]). Nor are verbal communications restricted
to reporting the occurrence of an emotion or describing it; any
thought relating to an emotion episode can be communicated,
including the comparison of the emotion to remembered cases,
reflections on the emotion’s normative appropriateness, or
recommendations on how to deal with the emotion.

Given these advantages of verbal communications about
emotions, it is not surprising to learn that they are the main
means of communicating emotions in everyday life [30] and
psychotherapy [8], as well as the most common means to assess
emotions in psychological research. In fact, emotion self-reports
are typically used as the gold standard to validate other methods
of emotion measurement. Although self-reports are also used for
this purpose in AD research, they are rarely used as a separate
source of information in applied affect detection. The main reasons
for this seem to be two perceived disadvantages of emotion self-
reports, compared to nonverbal indicators of emotion. First, the
flow of social interaction or task engagement is interrupted by
giving a self-report. However, note that people do this all the time
to some degree in everyday life, for example when they ask others
whether they like an idea or a drink or when they spontaneously
voice that they are surprised, happy, or disappointed about
something the other said or did. Thus, on second thought, self-
reporting one’s emotions is by no means as unnatural or rare as it
may at first seem to be, at least in many situations.
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The second perceived disadvantage of verbal emotion commu-

nication is that it is subject to voluntary control, and therefore to

deliberate suppression and falsification (“social editing,” Calvo

and D’Mello, this issue). However, I am not convinced that this

concern is a serious obstacle to the use of self-reports in human-

computer interaction. First, social editing is to some degree also

possible for nonverbal emotion indicators. Second, these biases are

but one source of measurement error; nonverbal behaviors are

subject to other errors that are often more severe. Third, the

possible biases of self-report could ultimately be considered, and

corrected for, in a comprehensive system of affect detection.

Fourth, if the interaction of a human with an artificial agent (e.g., a

virtual instructor or therapist) is of a kind that makes the truthful

reporting of emotions a desirable goal for the human, psycholo-

gical theory predicts that self-reports will be truthful. In contrast, if

the context suggests to the human interactants that they are better

off withholding or falsifying their emotion self-reports, the attempt

to nonetheless extract from them information about their emotions

by sophisticated AD systems that combine behavioral and

physiological indicators, contextual knowledge and possibly even

brain scans (see Calvo and D’Mello, this issue) is ethically

questionable. Under such circumstances, affect detection can

quickly turn into undesired affect extraction, and mindreading

becomes mindspying. These problems are currently not acute, but

will become important as soon as workable AD systems are

implemented on a broader scale. But, even now, both affective

computing researchers and psychologists need to be acutely aware

of this and related ethical problems raised by the emerging field of

automated affect detection (see also [28]).
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