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Abstract
Recognition studies are a mainstay in HRI. Such studies are often used to test whether a robot’s behavior is interpreted as
intended by the designer. When designing recognition studies, researchers have to make important methodological decisions
about the empirical study design (e.g., within-/between-subject design) and response format (e.g., forced choice, open text).
Using the example of emotional expression recognition studies in HRI, we discuss (i) how theoretical conceptualizations
determine methodological choices, (ii) the implications of the designs and response formats. We demonstrate in two exper-
iments (n = 2654 and n = 419) that conclusions drawn from recognition studies are heavily dependent on study design and
response format. We conclude with a set of recommendations for researchers employing recognition studies in their research.

Keywords Recognition study · Human–robot interaction ·Methodology · Study design · Response format

1 Introduction

A central concern of human–robot interaction research is to
develop an understanding about howpeople interpret and rea-
son about the behavior of robots. Such understanding is not
only crucial for advancing basic knowledge about human–
robot interaction but also for our ability to design robot
behavior that is easy to recognize and to interpret (e.g., [1–
6]). Research examining people’s interpretation of a robot’s
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behavior often rely on judgment or recognition studies. Judg-
ment studies are studies in which behaviors, persons, objects
or concepts are evaluated by one or more judges, raters,
coders, or categorizers [7]. By recognition studies we refer
to that subset of judgment studies that examine the degree
to which study participants can “recognize” a behavior as
falling within a predefined set of categories.

In HRI research, recognition studies are typically used
to test whether study participants can recognize a robot’s
expressive behavior as it was intended by the research team
or designer of that expressive behavior. For example, a
researcher has designed a gentle approach pattern for an
autonomous car coming to a halt at a pedestrian crossing
and uses a recognition study to examine whether the behav-
ior is indeed interpreted as gentle by pedestrians. The studies
often present participants with a set of behaviors (in form of a
vignette, a picture, or a video but sometimes also live interac-
tions) and participants have to indicate what kind of behavior
they recognize or are asked more openly how they perceive
the behavior in order to see whether their perception matches
what designers wanted people to perceive (see Fig. 1). This
approach has been used to evaluate robot (or virtual agent)
behaviors for indicating cooperativeness [8], dominance or
submissiveness [9], communicative and iconic gestures [10],
emotional body language [11], emotional facial expressions
[12], behaviors that convey introvert vs extrovert personal-
ities of robots [13], behaviors that shall express a robot’s
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“incapability” when completing a task [14], “emotion states”
portrayed by a drone’s flight path [15], as well as for the
development of gestures used in sign language [16], just to
name some of the manifold application areas for recognition
studies.

When designing recognition studies researchers have to
make importantmethodological decisions. For example, they
have to decide whether each participant is shown only one
type of behavior (between-subject design) or whether each
participant is shown multiple types of behavior (within-
subject design). Furthermore, researchers have to decide
which response format to use in assessing people’s ability to
recognize a certain behavior, for instance, a forced-choice or
Likert Scale or open text response format. Previous research
has shown that such methodological decisions about the
study design and response format have large implications
for the conclusions we draw. Most famously, Russell [17]
showed that the degree to which studies were able to demon-
strate people’s ability to reliably distinguish between emotion
expressions was highly contingent on the particular response
format a study employed. Following Russell’s influential
work, a number of other studies howshown thatmethodologi-
cal choices greatly influence recognition rates (e.g., [18–20]).

Given the frequency with which recognition studies in
HRI are employed and the broad variety of study designs
and response formats those studies employ, it is important to
establish an understanding on how methodological choices
impact the inferences researchers can make.

Here, we use the case of robot emotional expression
recognition to show how conclusions we draw about peo-
ple’s ability to accurately recognize a specific expression
depend on methodological choices regarding study design
and response format. We focus on emotion expression
because this topic has received much attention in HRI (e.g.
[21, 22]). This attention is constantly growing as researchers
develop novelmodalities for robots to be emotionally expres-
sive, for example, through changes in light and sound patterns
[23], flight patterns of drones [15], surface temperature [24],
or surface morphology [25]. Moreover, emotion recognition
studies were thoroughly investigated in psychology against
the background of the concern that the popular forced-choice
format artificially inflates recognition rates [18–20] which
has been discussed in early HRI research as well [26] but
was not influential enough to make a persistent impression
in the field of HRI.

On a more general level HRI scholars have discussed
the advantages and drawbacks of different methodologi-
cal choices such as opting for within- or between-subjects
designs, the importance of power analyses, andmore specific
with regard to studies on affective HRI the need to com-
bine different measurements in HRI interaction studies [27,
28], but they did not address recognition studies and their
specifics.

2 RelatedWork

2.1 The Purpose of Recognition Studies in HRI

An overarching goal in HRI is to design a robot’s behav-
ior in ways that is easily recognizable and interpretable by
humans. Designers therefore often rely on behaviors that
people are particularly familiar with. Emotional expressions
have received much attention in HRI, since such expressions
are thought of as an intuitive way for robots to communi-
cate internal states [21]. Moreover, robots come in diverse
forms and shapes, often not human-like, while researchers
still want to provide these familiar ways of communicat-
ing. Hence, researchers develop novel modalities for robots
to express emotions such as “emotionally expressive” flight
paths for drones (e.g., [15, 29]). In the following, we a) give a
brief review of theoretical grounding of emotion recognition
research in psychology and the resulting methodologies, and
b) a review on methodological fallacies that might diminish
the results.

2.2 Theory Determines Method Choice: The Case of
Emotion Recognition Studies

The universality thesis, which posits that emotional displays
are universally expressed and understood, has split emotion
psychology in two camps, those in support of the thesis (e.g.,
[30, 31]) and those who doubt universality (e.g., [32, 33]).
However, a range of moderate opinions exists between these
two extremes [34, 35, e.g.,] which might be rooted in the
conceptualisations of emotion expression of these extremes.
While on the one hand, Ekman [30] and Lizard [31] advo-
cate for easy recognizable, discrete, and specific emotion
categories such as happiness, surprise, fear, anger, disgust,
contempt, and sadness, Woodworth and Schlosberg [34, 35],
on the other hand conceptualize emotion expressions rather
in terms of overlapping broad clusters and dimensions.

Against this background, it is not surprising that dif-
ferent theoretical conceptualizations resulted in different
methodological approaches for addressing recognition of
emotions. For instance, Klineberg [32, 33] demonstrated a
large between-cultural variation inweeping fromgrief as evi-
dence against the universality thesis. Izard [31] provided his
participants with diverse emotional labels, following a one-
to-many relationship between a sign (the facial expression)
and what it signifies (a message about emotion). In contrast,
Ekman and Friesen [36] presuppose a one-to-one correspon-
dence between a specific emotion label and a specific facial
expression.

When reviewing emotion recognition studies in HRI, it
appears that the universality thesis has been broadly adopted
by HRI scholars [21, 22]. Authors often refer to Ekman’s six
(or seven) basic emotions as starting point for their imple-
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Fig. 1 Example of a typical
survey used for an HRI
recognition study

mentations of emotional displays in robots (e.g., [16, 26,
37–40]). As a consequence, theywant to assess the success of
their implementations by measuring recognition rates. Since
the universality thesis is still under debate in many reviews
on this issue, the trend in HRI to adopt Ekman’s proposed
one-to-one relationship approach neglects that there are other
conceptualizations of emotional expressionwhichmight also
be fruitful to consider in HRI.

In his review on cross-cultural studies in emotion recogni-
tion,Russel [17] took a close look at differentmethods used in
this research field and raised concerns about their ecological,
convergent, and internal validity. “Forced-choice response
format, within-subject design, pre-selected photographs of
posed facial expressions, and other features of method are
each problematic. When they are altered, less supportive or
nonsupportive results occur. When they are combined, these
method factors may help to shape the results.” [17, p.102].
Russel’s results as well as later studies by other scholars sug-
gest that certain methodological choices artificially inflate
recognition rates (e.g., [18–20, 41–44]).

Just as the theoretical stance a researcher takes on when
designing an emotional recognition study, any other type
of recognition study will be influenced by pre-set theoreti-
cal assumptions. Researchers thus need to critically reflect
about how their theoretical approach is determining their
methodological approach and thus potentially limiting gen-
eralization and validity of their results.

In the following, we will briefly discuss methodological
choices researchers face when designing recognition studies
and the fallacies these choices might imply. We especially
focus on our use case of emotion recognition. However, the
problems sketched and conclusions drawn apply to all kinds
of recognition studies and are therefore of wider importance.

2.3 Methodological Choices and Their Fallacies

2.3.1 Previewing &Within-Subject Design

One problematic aspect that Russel [17] identified was the
practice of previewing the stimulus material and/or employ-
ing within-subject designs. Previewing involves that the

participant takes a look at the complete stimulus material
or parts thereof at least once before the actual recognition
study starts. Within-subject designs involve that participants
evaluate all emotional displays that are included in the study.
Interestingly, bothmethods cause a similar bias, in that partic-
ipants are prone to engage inmore direct comparisonbetween
the various facial expressions. This bias would not emerge
when utilizing a between-subjects design that is more realis-
tic because, as Russel points out, it resembles rather everyday
situations with encounters of facial expressions. Therefore,
assimilation and contrasting effects can occur when partici-
pants are comparing the different emotional displays. Russel
investigated this effect directly comparing a within and a
between-subject design and showed lower recognition accu-
racy for the between-subjects design [45]. DiGirolamo and
Russel proved in seven experiments the so-called elimina-
tion hypothesis: “As participants move from trial to trial and
they encounter a type of expression not previously encoun-
tered in the experiment, they tend to eliminate labels they
have already associated with expressions seen on previous
trials; they then select among labels not previously used
[46, p.538]. Other studies provided evidence for increased
recognition rates for a certain stimulus (e.g., “sad”) when
this stimulus was preceded by another stimulus, for instance
“happy” (raise from 44.2 to 58.3% [47]). Similar effects
were reported by [20]. These examples show, that by using
a within-subject design the order of presentation can greatly
influence recognition rates, because certain preceding stim-
uli amplify recognition of the subsequent stimulus more than
others.

2.3.2 Response Format

According to the different conceptualizations of emotional
expressions (cf. Sect. 2.2, one-to-many vs. one-to-one)
there are response formats that reflect these extreme views.
Researchers of the one-to-one camp prefer a forced choice
response format, in which participants are required to select
one word from a pre-specified list of emotions (e.g., based on
Ekman’s basic emotions the list would be: happy, sad, afraid,
angry, surprised, disgust, or contempt). The issue with this
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response format is that participants have only a limited set
of answers with no option to indicate that none of the labels
fits or that they see something completely different in the
picture. Indeed, there is empirical evidence that introduc-
ing a “none of the above” option to a forced-choice format
produces significantly less agreement, while using an open-
ended response format elicits even lesser agreement [19].
Forced choice can also produce artefactual agreement, for
instance, when the correct emotion label is missing, partici-
pants will agree on an incorrect emotion label at rates greater
than chance as demonstrated by [18].

According to Russel “forcing the observer to choose
exactly one option treats the set of options as mutually exclu-
sive, which they are not: Subjects place the same facial
expression (or emotion of another or their own emotion) into
more than one emotion category. Forced choice treats each
option as an either-or (present-absent) choice, which they
are not: Subjects reliably rate different facial expressions as
belonging to a given emotion category to different degrees”
[17, p. 116]. Hence, by using forced choice we are artificially
simplifying the process of emotion recognition resulting in
higher recognition rates.

Importantly, if emotion recognition were truly univer-
sal then all response formats should produce fairly similar
recognition accuracy. Hence, researchers of the one-to-many
camp, for instance, chose to ask their participants to freely
label the pictures they viewed (e.g., [31]). However, in
response formats involving open text answers (free label
task), participants don’t necessarily specify an emotion, at
all, as demonstrated by Frijda [48].

As amiddle way between restricted forced choice and free
label response formats, researchers can also use quantitative
ratings, such as Likert scales where participants indicate to
which degree a picture is expressing a certain emotion. The
advantage is, that participants can be asked to indicate the
degree of several emotions for the same picture, which allows
for assessing multiple ratings. Following the same rationale
as for open text/free label tasks, we would assume that if a
certain facial expression is easy to recognize and a univer-
sal signal is unique to a specific emotion, then recognition
rates here should be comparable to those of the forced choice
format. The question for such quantitative ratings is how to
interpret multiple ratings for one facial expression. When
using Likert scales, researchers should not simply look for
the highest rating and treat this as successful recognition or
not. They have to be aware of the issues of overall low ratings
(e.g., when the highest rating is a “2” on a 6-point scale, is this
really a successful recognition?) and score ties (i.e., partici-
pant assigned the same rating to two labels) when analyzing
their data and have to decide on a procedure before-hand
how to deal with them. Crucially, if these procedures are not
reported in a recognition study using quantitative ratings,

researchers should be careful when using these studies and
their conclusions as basis for future work.

2.3.3 Facial Stimuli and Lack of Contextual Information

There are two concerns that are especially relevant for emo-
tion recognition studies, though to some extent they also
apply to other behaviors (e.g., gestures) used in recognition
studies. Firstly, one concern of studies involving stimulus
material of human faces is the preselection of pictures from
a larger set (cf. [17]). Such selected pictures are by nature
not representative of the population of facial expressions.
Moreover, most pictures used as stimulus material are posed
and not spontaneous expressions. While there are certain
reasons for researchers to use posed pictures and preselect
them (e.g., to increase experimental control), one has to be
aware of the drawbacks. In fact, based on previous studies
we only (partially) understand recognition of posed and pre-
selected facial expressions, but unfortunately we know far
less about how well unselected spontaneous expressions are
recognized, despite of this being the default everyday situa-
tion. There is evidence that preselected pictures yield higher
recognition rates compared to using a full picture set origi-
nally generated for a study, e.g., studies show that recognition
rates on a full set dropped to chance levels (39.6% where
chance was 33.3%) [49]. Moreover, Russel criticizes that
“posed faces do not express the emotion of the poser, but
what the poser chooses to pretend and in amannermost likely
to be understood by the observer. According to the notion
of display rules, voluntarily posed expressions are cultur-
ally influenced and have been said to originate in a different
region of the brain than do spontaneous facial expressions
(Rinn, 1984)” [17, p.114]. He further describes that posed
expressions might be (i) exaggerated or more conventional-
ized, (ii) more similar within one emotion type, and (iii) more
discernible from poses of other types of emotion expressions
than spontaneous expressions which altogether raises con-
cerns with respect to the ecological validity of these studies.
Crucially, it has been shown that participants are sensitive to
posing of emotional expressions [50]. This concern of eco-
logical validity might be of less importance in HRI, since
if researchers and designers want a robot to express a cer-
tain emotion and be sure humans understand and interpret
the emotion as intended, it makes sense to use the more con-
ventionalized versions of facial expressions. Meaning, using
more striking examples of emotional expressions serves the
purpose in these cases.

A second criticism regarding classic emotion recognition
studies refers to the lack of contextual information. Usually,
participants are presented with a series of pictures showing
just the face of the emotion expresserwithout any information
about what caused the emotion, in which setting did it occur
and what is the accompanying behavior of the expresser. A
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smile is not always a happy smile as suggested in the recogni-
tion studies, were a smiling face corresponds to the emotion
“happy”. A smile can be indeed joy, but sometimeswe “smile
something away” like a dispute we do not want to engage in
or embarrassment, or we smile politely. We smile to greet
someone without really enjoying the moment. Putting emo-
tional displays into context can give them another meaning.

2.3.4 Summary

In the previous sections we outlined how methodological
choices when designing a recognition study will influence
recognition rates and supported our assumption with empir-
ical findings within our use case of emotion recognition
studies. However, the same principles extend to all types of
recognition studies. Specifically, we showed that preview-
ing and within-subject designs potentially inflate recognition
rates. Moreover, forced choice answering formats poten-
tially produce higher recognition rates than Likert scales or
open-text formats. And finally, it can always be that stimuli
presented without context artificially isolate the object to be
recognized thus making its features more salient. Present-
ing it in a natural environment or paired together with other
stimuli would reduce recognition rates because alternative
interpretations of the same stimuli are possible.

2.4 Research Objective and Hypotheses

The goal of this work is to demonstrate the influence of
methodological choices on recognition rates in recogni-
tion studies in HRI and in general. We will conduct two
experiments, one in a within-subject design and one in a
between-subject design, using different response formats and
also using four different picture sets of a human and three
robots. If the experiment design or the response formats
have no influence there should be no noteworthy differences
in recognition rates (H0). However, given the evidence pre-
sented above, we hypothesize that:

H 1 Recognition rates will be higher in a within-subject
design experiment than in a between-subject design experi-
ment.

H 2 Recognition rates will be the highest for the forced
choice response format, and the lowest for the open text
answers.

3 Experimental Studies

3.1 Overall Study Design

We tested the influence of four factors on emotion recognition
rates with human and robotic stimuli: The four factors were

experimental design (between-subject design vs. within-
subject design), response format (forced choice, Likert scale,
open text answer with emotion cue, open text answers with-
out emotion cue), agent type (human face, iCat, Flobi,
Kobian-RIII), and emotion type (anger, fear, surprise, sad-
ness, happiness, neutral) resulting in a 2×4×4×6 design.

3.1.1 Two experimental designs

In order to address the influence of experimental design, we
conducted two separate experiments with the same 3 factors:
While agent type and response format served as between-
subject factors in both experiments, the third factor emotion
type was a between-subject factor in Experiment 1 but a
within-subject factor in Experiment 2.

In Experiment 1, each participant was presented with only
one stimulus, so there was only one trial per participant. A
trial consisted of one of the 256 (= 4× 4× 6) possible com-
binations of response format, agent type, and emotion type.
Each combination was randomly chosen for every partici-
pant causing slight differences in the occurrence frequencies
across combinations.

In Experiment 2, each participant viewed six different
emotional stimuli (anger, fear, surprise, sadness, happiness,
neutral), all from the same agent. Stimuli were presented in
randomized order. In total there were 16 different conditions.

3.1.2 Agent Type & Emotion Type

The study included four picture sets comprised of four agent
types each displaying six different emotions (see Fig. 2). The
four agent types were computer-generated human faces [51]
and three different social robots (iCat [52], Flobi [53], and
Kobian-RIII [54]). Each agent displayed facial expressions
based on the “universal” facial expressions hypothesised by
Ekman [30]. From this original emotion set, the two emotions
“disgust” and “contempt” were excluded due to the lack of
robot pictures displaying these emotions. Instead, a neutral
face expression was included. Eventually, the following six
expressions were used: (1) anger, (2) fear, (3) surprise, (4)
sadness, (5) happiness, (6) neutral.

3.1.3 Response Format

The factor response format consisted of four different con-
ditions: Forced Choice (FC), Likert Scale (LS), open text
answer with emotion cue (OT-EC), and open text answers
without emotion cue (OT-NoEC, see Fig. 3).

In the forced choice condition (FC), participants were pre-
sentedwith six emotion labels and selected one emotion label
that matched the picture best. The six response options cor-
responded to the six emotion type conditions. There were no
additional response options (e.g., none). The order of the dis-
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Fig. 2 Agent types & emotion
types

Fig. 3 Response formats
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played emotion labels was randomized across participants in
Experiment 2.

In the Likert Scale condition (LS), participants were pre-
sented six emotion label items and rated all six regarding the
extent of the match with the picture on a 6-point Likert scale
ranging from “strongly disagree” (1) to “strongly agree” (6).
The order of the six itemswas randomized across participants
in Experiment 2.

Both open text (OT-EC, OT-noEC) response formats con-
sisted of one text question and a text box, into which
participants should enter their open text response. They
only differed in terms of the question phrasing which either
included an emotion cue “Which emotion do you see in the
picture?” or not “Please describe the picture: What do you
see?”.

3.2 Task & Procedure

Both experiments were conducted as online surveys. In both
surveys, participants were randomly distributed to one of the
256 conditions in Experiment 1 or of the 16 conditions in
Experiment 2, respectively. On the first page of the survey,
participants were informed about the upcoming task, data
protection, and their right to withdraw from the study at any
time. They gave informed consent by clicking on the start
button. To verify that participants were human and not bots,
a captcha was presented. After the verification procedure, the
recognition task started. Participants were instructed that on
the following pages they are asked about their perception of
faces. Therefore, they will be presented with one (or more)
pictures. They shall take a look at this/these picture/s and
answer the related question.

Trials in the recognition task consisted of one picture
showing one of the six emotions displayed by one of the
four agents. Below the picture, a question was presented
that differed in terms of response format. For participants in
Experiment 1, the recognition task was completed after one
trial. In Experiment 2, there was a total of six trials according
to the six different emotions displayed by one of the agent
types. After the recognition task, participants were presented
with three questions as attention checks. Responses to these
control question were used as filters during data cleansing in
further analyses. Finally, participants were asked to indicate
age and gender.

3.3 Participants and Inclusion Criteria

Recruitment of participants was carried out via Amazon
MTurk. The two experiments were conducted sequentially,
so that Experiment 2 did not start until Experiment 1 was
completed. Participants who took part in Experiment 1 were
excluded from participating in Experiment 2. Inclusion cri-
teria for participants were to complete the entire survey, to

fill out the survey in English and to pass the test questions.
Participants were naive about the purpose of the study. Both
experiments have been conducted in accordance with the last
revision of the declaration ofHelsinki and in accordancewith
the standards of the American Psychological Association.
Participants who completed the entire survey and passed the
attention check (see subsequent paragraphs)were reimbursed
monetarily within usual limits, and their anonymity will be
guaranteed.

3.3.1 Participants in Experiment 1

In Experiment 1, 2742 participants took part. For data
cleansing purposes we included three test statements, that
participants had to respond to: (1) “This study is not about
facial expressions” (5-point Likert scale), (2) “This study
is about e-learning” (5-point Likert scale), (3) “This study
is about emotions” (5-point Likert scale). With regard to the
data cleansing procedure, our test questionswere not applica-
ble. Especially for participants in the condition with the open
text answer type “no emotion cue” the answer “e-learning”
would have been sensible, since we provided no information
on emotion-related content in our instructions. Therefore, we
decided to omit the test questions altogether and included all
participants who completed the survey and did so in English.
However, for participants in the response format condition
with open text entries, we still utilized text entries as qual-
ity check. We checked all cases of non-completed surveys in
which participants quit before stating their age in the condi-
tions “open text with emotion cue” and “open text without
emotion cue” (n = 24). We retained those cases with mean-
ingful answers, which was true for all 24 cases that were
examined this way.

This data cleansing procedure yielded 2654 participants
(1011 male, 1616 female, 27 not indicated) with a mean age
of 35.4 (SD = 11.74; range = 16–89 years, based on 2630
participants).

3.3.2 Participants in Experiment 2

In Experiment 2, 541 participants took part. Based on our
experiences with data cleansing in Experiment 1, we devel-
oped a new attention check procedure. First, we asked
participants after the recognition task to memorize the num-
ber 42 and then asked three test questions: (1) “This study
is not about facial expressions” (yes/no), (2) “This study is
about e-learning” (yes/no), (3) “This study is about emo-
tions” (yes/no). Afterwards, we asked participants to recall
the number we asked them to memorize before. Participants
had two chances to enter the correct number. As in Experi-
ment 1, participants who did not complete the survey or did
not respond in English were excluded from further analy-
ses. We implemented a two-staged data cleansing procedure.
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First, participants who entered the number 42 correctly and
passed two of the three test questionswere retained (n = 392).
However, this resulted in a small number of participants in
the condition OT-EC with the agent type “human”. Hence,
also those participants were retained who passed two of three
test questions correctly even though they did not recall the
number 42 (n = 27).

The final data set of Experiment 2 included 419 partici-
pants (213 male, 204 female, 2 not indicated) with a mean
age of 36.5 (SD = 11.2; range = 19–71 years, based on 417
participants).

3.4 Coding of Open Text Answers

For the coding process of the open text answers, we imple-
mented the following procedure: Based on the answers of
the open text conditions, a set of verbal expressions was
defined for each emotion that was regarded as semantically
equivalent to the literally correct answer and therefore coded
as correctly recognized (e.g., literal meaning “anger” with
equivalent expression “mad”). A list of all equivalents can
be found in the Appendix. Any other answers were coded as
incorrectly recognized. This also applies to descriptions of
activities typically associated with emotions (e.g., the verbs
to cry or to laugh), since a verb does not unequivocally indi-
cate whether the participants indeed recognized a particular
emotion (for instance, “show a happy, nervous, sarcastic or
sad laughter”).

We decided to regard a fairly broad range of expressions
as equivalents, even if their meaning slightly differed from
the exact emotion meaning (e.g., emotion type: “sadness”
with equivalent “despair”). Crucially, in order to qualify as
an equivalent the expression should have a clear proxim-
ity to one of the six emotion types. Responses that could
be assigned to two different emotion types were regarded
as incorrectly recognized (e.g., emotion types: “fear” and
“surprise” with answer “shock”). Apart from the correct
recognition of one of the six emotions, 4 other classifica-
tion of responses were defined. With these four additional
categories we have a total of 10 different codes, from which
only one represents the correct recognition of the emotion.

1. Other Emotions This category included entries of naming
internal states that could not conclusively be assigned to
one of the six emotion types (e.g., “shock”, “impatience”,
“worry”).

2. Descriptions Without Emotional Reference: Pooled in
this category are different types of descriptions without
any reference to internal states. This includes descriptive
nouns for the agent (e.g. “robot”) as well as adjectives not
directly associatedwith emotional states (e.g. “thinking”).
Furthermore, we decided to include entries of emotional
adjectives that did not unambiguously refer to an internal

state. For this reason, the grammatical form “annoyed” is
included in the list of valid paraphrases, while “annoying”
is regarded as a description.

3. Descriptions with Emotional Reference Entries that did
not explicitly referred to an emotion, but instead consisted
of activities directly associated with emotional states (e.g.
“laughing”, “crying”, “frowning”).

4. Inconclusive Entries: Entries with inconclusive or even
non-verbal content (e.g., “wtf”, “:D”).

3.4.1 Handling response ambiguity

In the condition OT-EC, most participants responded with a
single (emotion-related)word in accordancewith the instruc-
tions. However, participants in the condition OT-noEC were
requested to describe the picture, which resulted in longer
phrases of several words. Since phrases increase the poten-
tial of ambiguous or imprecisemeaning,we established a rule
set to deal with such conflicting content within text entries.
First, it was always checked for the presence of one of the six
emotion types. If that was the case, the remaining text con-
tent was evaluated with a lower priority. For instance, a text
entry such as “a robot with a tear, looking sad” resulted in the
classification of “sadness”, even though it included an addi-
tional description with an emotional reference. However, we
differentiated between two different types of conflicts even
if one of the six emotion types was present. Conflict type
A: Naming the correct emotion type and at least one further
from the remaining five emotions. This was still regarded
as recognition of the correct emotion type. Conflict type B:
Naming more than one incorrect emotion types. In order to
avoid a bias for one incorrect emotion (since there were at
least two), we classified this response into the category “other
emotion”.

3.4.2 Inter-rater Reliability

Any open text entries have been coded by two coders. We
computed inter-rater reliability using Cohen’s Kappa, for
each emotion type separately. For study 1, Cohen’s Kappa
ranged between kappa = .82 and = .97 indicating excel-
lent agreement. For study 2, Cohen’s Kappa ranged between
kappa= .92 and kappa = .98 indicating excellent agreement.
Only codings for the “neutral” emotion stimuluswere slightly
lower with kappa = .81 in the OT-EC condition and kappa
= .71 in OT-noEC condition.

3.5 Data Transformation of Different Response
Formats for Statistical Comparison

To compare the recognition rates of the different response
formats, data had to be re-coded into a common response for-
mat.We re-coded all responses into a dichotomous dependent
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variable format: Correct recognition (+) and no recognition
(−).

FC The choice of the correct emotion label was coded
as correct recognition. All other answers were coded as no
recognition.

LS Two conditions had to be met for responses from the
LS condition in order to be coded as a correct recognition.
First, the correct emotion hat to be rated above the mid point
of the 6-point Likert scale (4 “somewhat agree”, 5 “agree” or
6 “strongly agree”). Second, no other emotion should have
received a higher or equally high rating.

OT-EC&OT-noEC Only answers with either literally cor-
rect label or corresponding to the defined set of equivalents
expressions for each emotion were counted as correctly rec-
ognized.

3.6 Statistical Analysis and Results

3.6.1 Experiment 1: Between-Subject Design

We computed Chi square tests to examine the influence of
response format, emotion type, and agent type on overall
emotion recognition rates. See Table 1 for recognition fre-
quencies for the different response formats across the six
emotion types. See Table 2 for recognition frequencies for
the different agent types across the six emotion types.

We found that the effect of response format on over-
all recognition was significant, (χ2 (3, n = 2654) = 152.0,
p <.001, Cramer’s V = .24). In line with our hypothesis
(H2), participants in the FC condition more frequently as
expected correctly recognised the emotion displayed while
in the condition OT-noEC participants recognised less often
then expected the displayed emotion. The effect of emotion
type on overall recognition was significant, too (χ2 (3, n =
2654) = 259.1, p<.001, Cramer’sV = .31). Finally, the effect
of agent type on overall recognition was significant (χ2 (3,
n = 2654) = 31.71, p <.001, Cramer’s V = .11) as well.

3.6.2 Experiment 2: Within-Subject Design

Since all participants completed all six emotions, we com-
puted Chi square tests for all emotion types separately. See
Table 1 for recognition rates for the different response for-
mats across the six emotion types and Table 2 for recognition
rates for the different agent types across the six emotion types.

Effect of Response Format Influence of response format
on emotion recognition was significant for

• Fear (χ2 (3, n = 419) = 12.0, p = .007, Cramer’s V = .17),
recognition was higher than expected in the FC condition
and lower than expected in LS condition.

• Surprise (χ2 (3, n = 419) = 14.92, p = .002, Cramer’s V
= .19), recognition was higher than expected for FC and
lower than expected for OT-EC.

• Neutral (χ2 (3, n = 419) = 81.89, p <.001, Cramer’s V
= .44), recognition was higher than expected for FC and
LS and lower than expected for OT-EC and OT-noEC.

• and non-significant for anger, happiness, and sadness.

Effect of Agent Type Influence of agent type on emotion
recognition was significant for

• Anger (χ2 (3, n = 419) = 26.37, p <.001, Cramer’s V
= .25), recognition was higher than expected for Kobian
and Flobi, and lower than expected for Human and iCat.

• Fear (χ2 (3, n = 419) = 15.31, p = .002, Cramer’s V =
.19), recognition was lower than expected for iCat.

• Surprise (χ2 (3, n = 419) = 12.89, p = .005, Cramer’s V
= .18), recognition was higher than expected for human
and lower than expected for Flobi and iCat.

• Sadness (χ2 (3, n = 419) = 11.36, p = .010, Cramer’s V
= .17), recognition was higher than expected for human
and iCat and lower than expectd for Kobian.

• Happiness (χ2 (3, n = 419) = 24.74, p<.001, Cramer’s V
= .24), recognition was higher than expected for human
and lower than expected for Kobian.

• but not significant for neutral.

3.6.3 Comparison Between Experiments

For a comparison of recognition rates between experiments
and across answering formats, we can inspect the results
reported in Table 1. Across all answering formats we see
that recognition rates are higher in the within-subject study
than the between-subject study. In total, the recognition rates
were 16.6% higher in the within-subject design. For some
emotions this increase war smaller (e.g., 5.1% for fear) and
others it was particularly high (e.g., 26.1% for happy). More-
over, we see that the forced choice response format in both
studies lead to highest recognition rates.

4 Overall Discussion

Motivated by the large number of recognition studies
employed in HRI research, we explored howmethodological
choices in the design of such studies affect the conclusions
researchers can draw. As a use case, we focused on the
recognition of facial displays of emotion in robots since
recognition studies for emotionally expressive robots are par-
ticularly common in HRI.

Most importantly we found that the choice of methodol-
ogy has large implications for the kinds of claims researchers
are likely to be able to make. For example, confirming
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Table 1 Emotion recognition
rates (%) for the different
response formats in both
experiments

Total Anger Fear Surprise Sadness Happy Neutral

Between subject design

FC 63.7 66.0 38.0 74.7 91.4 54.6 57.5

LS 48.3 54.6 30.9 51.4 73.5 33.3 47.1

OP-EC 50.2 62.2 29.8 41.3 85.3 62.9 19.1

OT-noEC 30.1 41.0 22.7 40.0 55.1 10.7 9.0

Total 47.8 55.7 30.2 51.4 76.0 40.5 32.6

Within-subject design

FC 75.3 83.3 42.6 76.9 89.8 80.6 78.7

LS 65.2 76.6 22.5 65.8 86.5 76.6 63.1

OP-EC 58.7 68.6 41.2 52.0 80.4 81.4 28.4

OT-noEC 57.3 74.5 35.7 60.2 78.6 67.3 27.6

Total 64.4 75.9 35.3 64.0 84.0 76.6 50.4

Table 2 Emotion recognition
rates (%) for the different agent
types in both experiments

Overall Anger Fear Surprise Sadness Happy Neutral

Between subject design

Human 52.2 33.9 29.6 68.8 62.7 68.1 50

Flobi 45.3 53.1 43.6 44.1 91.9 24.3 13.7

iCat 40.1 52.6 13.8 29.8 79.2 31.5 33.3

Kobian 53.7 83.6 33.6 63.9 70 38.3 33.6

Total 47.8 55.7 30.2 51.4 76 40.5 32.6

Within-subject design

Human 68.2 62.8 37.1 78.1 91.4 80.6 59

Flobi 63.7 84.9 41.5 56.6 80.2 76.6 42.5

iCat 61.6 67.6 19.6 58.8 88.2 81.4 53.9

Kobian 63.7 87.7 42.5 62.3 76.4 67.3 46.2

Total 64.4 75.9 35.3 64.0 84.0 76.6 50.4

our hypothesis (H1) using a within-participants design over
a between participants-design boosts recognition rates by
16.6%. Similarly influential on recognition rates is a study’s
response format. As predicted (H2) we found that using
forced choice boosts recognition rate by a minimum of
13.5% (in comparison to open text field with an emotion
cue; OT-EC) up to 30.6% (in comparison to open text field
with no cue; OT-noEC) over other response formats in the
between-subject design. In the within-subject design exper-
iment forced choice inflated recognition rates between 10
and 18% compared to the other response formats. It is
noteworthy that some recognition for happiness and neu-
tral was specifically low in OT-noEC (around 10%) in the
between-subject design, while in the within-subject design
recognition rates were 27% and 67%. This is a powerful
example how the within-subject design in itself provides par-
ticipants with the necessary context that the study is about
emotion recognition—even though no explicit information
is given on the matter linking our findings to previous work
on this matter (e.g., [46]). In both studies, recognition rates
varied between the emotion types with lowest rates for fear

(across all response formats) and high rates for anger, sadness
andhappiness. The recognition rates for the humanpicture set
in the within-subjects forced-choice study are comparable to
those in previous studies by Ekman and other researchers that
were reviewed in Russel’s meta analysis [17], except for the
emotion fear. Indeed, we also observed that every agent type
(not only the human) scored specifically low on one emotion
in contrast to the other agents or the other emotional displays.
The human scored low on fear (in both study designs, i.e. 29,
.6% and 37.1%) compared to other emotions. Since we used
computer generated human faces that were averaged over a
large set of real human faces to reduce effects of physiog-
nomic variability. It might be, however, that especially the
recognition of fear is easier in non-prototypical (averaged),
but real faces. In another judgment study using averaged non-
verbal behavior and testing it against individual nonverbal
behavior (in this case gestures of a virtual agent using ges-
tures learned from individual speaker data or averaged over
a group of speaker data) the individual nonverbal behavior
lead to better understanding of the agent and more positive
evaluations [55]. A similar effect might have emerged here
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for the recognition of an averaged fear expression. For the
iCat the particularly low recognition rate for fear (in both
studies below 20%) corresponds to the results of the orig-
inal study from which we took the picture set [52]. In that
respective study, participants also rated the difficulty to rec-
ognize fear highest among all tested emotional displays. So
it seems that the design of that emotional display is generally
hard to recognize as “fear”. In the between-subjects study
only, the human scored comparably low on anger and Flobi
on happiness. This might be an indicator that these two emo-
tions (displayed by these two agents) specifically profit from
within-subjects designs and the possibility to eliminate other
options (elimination hypothesis; [17, 46]).

4.1 Implications for Research on Emotional
Expression in HRI

Human–robot interaction research largely sees emotional
expressions as a means “to make robots more understand-
able, likable, intuitive, and predictable (or ‘believable’) by
using patterns that allow people to apply mental models and
heuristics from interactions with people to infer a robot’s
internal states and intentions” [21]. Irrespective of a grow-
ing debate about the adequacy of basic emotion perspectives
in both psychology (e.g., [56]) and human–robot interaction
(e.g., [21, 22]), it is important for developers of expressive
robots that people can reliably identify a robot’s expressions
(as it was intended by the designers). Prior work demon-
strated that choosing within-subject designs as well as forced
choice artificially inflates emotion recognition [17–19, 46].
For HRI studies, this is not a trivial issue, sincemost recogni-
tion studies are conducted using a within-subjects design and
some studies use previewing and familiarization procedures
because their participants are confronted with a robot for the
first time (e.g., [57]). Moreover, the majority of the studies
use the forced choice response format. This implies that the
overall impression arising from these studies that humans are
quite good in identifying emotional expressions in robotic
behavior might be exaggerated. This notion is backed up
by our experimental results demonstrating how study design
influences recognition rates with drastic differences for some
aspects.

In his critique, Russel [17]mentioned twomore factorswe
briefly want to discuss here: the influence of preselected and
posed pictures and the lack of contextual information. Using
preselected or posed pictures in recognition studies (cf. Sect.
2.3.3) might or might not be a problem in HRI depending
on the viewpoint and the goal of the team developing and
implementing emotional displays for robots. We can assume
that most emotional displays for robots are more close to
those posed, exaggerated, and stylized displays Russel refers
to, because they are built upon human posed and preselected
facial stimuli. However, if the goal is to be easily readable for

humans, then this might not create a problem to researchers,
since these stylized expressionsmight just be the right way to
design easy to recognize robot behavior. The lack of contex-
tual information, however, is quite important forHRI. Putting
emotional displays into context can give them another mean-
ing: a smile can express happiness or can be used to smile
away embarrassment. Thus, what we learn from recognition
studies in which emotional displays are presented in isola-
tion is limited and maybe not generalizable in the sense that
universal recognition as defined by Ekman and colleagues
might only be true if we encounter smiles without greater
context. For HRI studies this means that researchers should
be alert not to be lulled into a false sense of security that their
developed displays will always be recognized as intended, in
every situation, by every user. In fact, some empirical stud-
ies already demonstrated the influence of context in emotion
recognition [58].

4.2 Implications for the Design of All Types of
Recognition Studies in HRI

For researchers conducting recognition studies we have sev-
eral recommendations for their study design. First, as have
other HRI scholars before us (e.g., [28]) we suggest to
use between- rather than within-subject designs to establish
recognizability.When awithin-subject design is used, recog-
nition rateswill likely be inflatedoverwhat canbe expected in
an actual context of use. Ideally studies employ both awithin-
subject and a between-subject design to allow a comparison
of recognition rates. Second, when using a within-subject
design, it is important to completely randomize the order of
presentation. For example, just using two alternative orders
will not eliminate sequence effects (cf. Sect. 2.3.1). Third, it
is important to keep in mind that forced choice response for-
mats are problematic when attempting to establish general
recognizability. Forced choice recognition does not reflect
real-world recognition and artificially inflates recognition.At
a minimum, we recommend to include alternative answers
into the forced choice measure such as “none of the above”,
“does not apply” or a combination of forced choice and open
text or a comments section. Finally, even though rarely used,
better options such as quantitative rates and open questions
exist to assess recognition rates.When using quantitative rat-
ings, it is important to decide how to analyze data and define
“cut offs” and how to treat scored ties.

5 Limitations and Future Studies

Our study was subject to some limitations, namely that par-
ticipants were not screened for their ability to accurately
recognize emotion. Moreover, since our test questions were
not suitably designed we had to remove our inclusion criteria
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during analysis for Experiment 1 and some inclusion crite-
ria for Experiment 2 which might have affected the results.
Between response formats information on the purpose of the
study were more or less obvious, i.e. in contrast to all other
response format the open text with no emotion cue condi-
tion did not provide any explicit information that the study is
about emotional displays and howpeople judge them.Hence,
future studies with similar study designs need to implement
check questions that can cope with this disparate information
states. In sum, more careful construction of attention checks
is needed for future studies. Moreover, our study is limited
as it only looked into one specific use case of recognition
studies—emotional displays in picture material—though we
are very confident that the same tendencies will be found in
other types of recognition studies on other types of behavior
and other stimulus material such as videos. Therefore, also
based on the discussion above future studies should explore
more deeply how emotional facial expressions displayed by
(a larger set of different) robots are perceived by observers
when they are not provided as still pictures but presented
dynamically in videos as well as in different interaction
contexts. Lastly, although we discuss the possible effect of
alternative answers we did not include this variation into our
(already complex) study design. Hence, future work could
explore the effect of including alternative answers such as
“none of the above”, “does not apply” o recognition rates.

6 Conclusion

Our paper makes an important contribution to the literature
as we discuss how methodological choice influence recog-
nition rates in HRI recognition studies. Taking the use case
of emotion recognition studies, we briefly review and ques-
tion the thesis that emotion recognition is universal. We
outline how being in favor for the universality thesis of emo-
tion recognition can determine the methodological choices
for recognition studies (e.g., using forced choice response
format). From that, we discuss the implications and con-
sequences that come with different methodological choices
and highlight that the study designs used by most (emotion)
recognition studies in HRI does not convincingly establish
recognizability. Crucially, we provide empirical evidence
which shows that recognition rates are hugely dependent on
methodological choices researchers make.

Appendix A List of Equivalent Emotion
Words

1. Anger Anger, angry, annoyance, annoyed, exasperated,
hate, mad, rage, upset

2. Fear Afraid, anxiety, fear, fearful, fright, frightened,
frightful, horrified, scared, terrified, terror

3. Surprise Amazed, amazement, astonishment, astounded,
baffled, bewilderment, caught off guard, in awe, over-
whelmed, perplexed, startled, stunned, surprise, sur-
prised, wonder, wondering, wowed

4. SadnessDepressed, depression, despair, down, grief, sad,
sadness, sorrow, unhappiness, unhappy

5. Happiness Amused, amusement, cheerful, content, con-
tentment, excited, excitement, happiness, happy, joy,
joyful, overjoyed, pleased, pleasure, satisfaction, satisfied

6. NeutralApathetic, apathy, at rest, blank expression, calm,
calmness, dead expression, emotionless, empty expres-
sion, expressionless, flat expression, idle, indifference,
indifferent, little emotion, neutral, no emotion, none,
non-expressive, not any emotion, quiet, uncaring, uncon-
cerned, uninterested
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