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Abstract
We evaluate a group’s intellectual productivity in terms of its nodding. We first propose a method that detects nodding using 
a chair-shaped sensing device: SenseChair. Normalized time series of 3D data (i.e., the center-of-gravity [X, Y] and weight 
changes [W] on the seat) were submitted to a short-time frequency analysis with a Hanning window function. Nodding was 
detected by a neural network using the obtained short-time frequency data as features. We confirmed that this method’s 
accuracy was comparable to that of an existing one that uses cameras. Next 13 groups of six speakers were engaged in a 
divergent thinking task where their nodding was detected by our proposed method. The results showed that the amount of 
nodding increased after idea generation, suggesting a positive relationship between the amount of nodding and the group’s 
intellectual productivity. However, we found no significant correlation between the quality of each subjectively rated idea 
and the amount of nodding (i.e., the idea-level correlation). Therefore, we can conclude that our method was successful in 
detecting nodding from the seated participants as a behavior with functions of local coordination and agreement.
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Introduction

Intellectual production activities that involve the coopera-
tion of multiple people might yield results that exceed the 
capabilities of each individual alone. For instance, meth-
ods leveraging group creativity, such as brainstorming and 
hackathons, have been proposed. Since society demands 
innovation, much research has focused on revealing the ante-
cedents of intellectual productivity in groups. For example, 

Woolley et  al. report a psychometric methodology for 
quantifying a factor termed “collective intelligence,” which 
reflects how well groups perform on a similarly diverse set 
of group problem-solving tasks. They quantitatively evalu-
ated the intelligence of a group as collective intelligence, 
noting that groups that performed well on one cognitive task 
tended to perform well on others. Collective intelligence 
consists of the average social sensitivity of a group’s mem-
bers, the proportion of females in the group, and the equal-
ity of the distribution of conversational turn-taking Woolley 
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et al,[35]. Other nonverbal behaviors correlated to perfor-
mance in intellectual production activities remain unclear. 
In the research field on social sensing, the use of sensing 
technologies to gather data related to human activities and 
behaviors in social contexts, assessing group interactions is 
an area of growing interest due to the prevalence of various 
types of sensing devices. Our study, which resembles such 
an approach, attempts to predict task performance in a group 
by sensing nonverbal behavior.

In this study, we propose SenseChair (Fig. 1), which 
is a chair-shaped device that detects nodding. SenseChair 
acquires the 3D time series (i.e., the center-of-gravity [X, 
Y] and the weight changes [W]) of a sitting person Tsuzuki 
et al, [31]. It is a simple and unobtrusive sensing approach 
because it only requires that its users are seated. The comfort 
afforded by SenseChair resembles a conventional office chair 
from which the user’s psychological state can be sensed in 
an environment that closely resembles daily life. A user can 
stop being measured by simply standing up whenever she/
he feels uncomfortable. SenseChair feature that addresses 
privacy concerns by avoiding the use of cameras or micro-
phones, helps to mitigate privacy concerns related to visual 
or audio data capture. In our study, SenseChair simultane-
ously detects each interlocutor’s nodding during a group 
activity.

For this paper, we conducted two experiments using 
SenseChairs. In the first, three participants engaged in the 
Consensus Game Hall, [9] and the Alternative Uses Task 
Guilford, [7] to see how accurately our device detected nod-
ding. In the second experiment, we conducted the Alter-
native Uses Task with 13 groups of six participants and 
investigated the relationship between the amount of nodding 
detected using SenseChair and the ideas generated during 
the task. Based on these results, we compared the amount 
of nodding around the points of time when ideas were gen-
erated with the amount of nodding around the other points. 
This analysis approach allowed us to investigate the rela-
tionship between the amount of nodding and the group’s 
intellectual productivity. We also focused on the subjective 
quality of ideas. Next we computed the idea-level correlation 

by investigating the association between the calculated ques-
tionnaire results and the amount of nodding. We also exam-
ined the group-level correlation. The subjective quality of 
each idea was averaged within a group to examine the rela-
tionship between the total amount of nodding and the idea 
quality generated through the task.

Related work

Social sensing with cameras

Numerous studies have been conducted to assess conversa-
tional situations by detecting nonverbal cues such as volume, 
gestures, and eye direction in conversational environments 
using cameras. Stiefelhagen et al. set a camera in a conversa-
tion space and modeled conversation structure by estimat-
ing the view directions Stiefelhagen et al, [28], and Otsuka 
et al. estimated speakers and listeners in conversations from 
view directions Otsuka et al, [24]. However, camera-based 
methods also have limitations such as occlusion, blind spots, 
and labor-intensive installation. Moreover, again perhaps 
the existence of sensors themselves might disrupt commu-
nication by adding psychological stress on speakers if user 
behaviors are obviously being sensed by them Won et al, 
[34]. Therefore, it is desirable to use a fine sensing method 
in an environment where the user is unaware of the sensor’s 
presence as much as possible.

Social sensing without cameras

Methods that measure nonverbal information without cam-
eras are mainly divided into two types: using wearable sen-
sors or sensors placed in the environment. Wearable sensors 
make it possible to monitor users and situations through con-
versations regardless of activities. Sumi et al. proposed an 
IMADE room, where a microphone, an eye mark recorder, a 
motion sensor, and a heartbeat sensor are mounted on users 
who can move and communicate with each other. With vari-
ous kinds of data, they investigated the structure of group 

Fig. 1  Configuration of Sense-
Chair and system overview
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communication Sumi et al, [29]. Olguin et al. developed 
Sociometric Badges for which they implemented a micro-
phone, an accelerator, and infrared sensors and evaluated 
users’ daily communication ability Olguin-Olguin and 
Pentland, [22]. Zhang et al. used a wearable device with 
an accelerometer to calculate the features of daily activity 
and compared the characteristics within a group to assess 
its cohesion Zhang et al, [38]. Although these methods 
enable researchers to acquire rich information and analyze 
it in more detailed fashion, unfortunately, users must attach 
wearable sensors and/or devices. In addition, the presence 
of sensors often interferes with natural behavior of users.

On the other hand, methods that employ sensors that 
are located in their environments do not need extra time to 
mount them on user bodies before conversations. In research 
using a microphone, Kennedy et al. proposed a system that 
extracts the critical parts in conversations from voice tones 
Kennedy and Ellis, [13]. Wrede et al. proposed a method for 
detecting conversation excitement from speech Wrede and 
Shriberg [36]. A microphone enables us to estimate situa-
tions in conversations in more details based on the volume 
and pitch of user voices. However, estimating conversational 
situations in the absence of speech can be challenging, 
impairing its usefulness in situations where long periods 
of silence may occur. We cannot obtain useful information 
from a microphone in non-active conversation situations 
where the users are only listening to speech, such as conver-
sations with stranger(s).

Chair‑based sensing

Chairs are familiar elements in daily life and their presence 
has little stress to users. In settings like meetings or dis-
cussions, sitting in a chair to converse is extremely natural. 
Therefore, it is considered feasible to sense the everyday 
communication behaviors and conditions of users through 
chairs. Furthermore, this approach is non-invasive and non-
wearable, making it highly convenient for everyday use. 
Consequently, chair-based sensing methods are thought to 
be highly effective for recognizing conversational situations.

Commonly, methods for recognizing the conditions of 
seated users involve embedding sensors in the chairs. Itoh 
has installed pressure sensors in car seats to estimate the 
position and state of the driver’s feet [11]. In studies target-
ing chairs found in homes or offices, Tan and his team have 
proposed a method for identifying a user’s seated posture 
based on the distribution of pressure on the seat and backrest 
[30]. Tan’s group mainly targets the identification of user 
postures and has installed 2016 pressure sensors (42x48) on 
both the seating surface and backrest, achieving identifica-
tion accuracy of 96% when individual posture data exists 
and 79% when using other people’s posture data. Multu and 
others have identified postures similar to those used by Tan 

with fewer sensors-only 19 in total [21]. Vanhala and his 
team have placed ultra-sensitive pressure sensors known as 
ElectroMechanical Film (EMFi) in chairs to investigate how 
users’ bodily movements change in response to the emo-
tional expressions of computer agents [32].

Thus, it is considered that the distribution of pressure on 
the seat and backrest is effective for estimating the behavior 
and posture of users. However, there are challenges such as 
the trade-off between identification accuracy and the cost 
of using multiple pressure sensors. The pressure sensor 
needs to be spread over the entire seat surface, and its cost 
increases in proportion to the size of the seat surface.

Nodding

Such nonverbal behaviors as laughing, nodding, and ges-
turing by a conversation’s listeners are called backchannels 
and play an important role in interpersonal communication 
Yngve, [37]. One form of backchannel is nodding. Nodding 
provides a variety of functions, including “indicating agree-
ment” and “placing emphasis”Maynard, [19]. Nodding, a 
natural behavior that occurs frequently and unconsciously 
during conversations, can create a variety of positive impres-
sions. For example, when a listener nods, a speaker tends 
to talk more Matarazzo et al, [17]; listeners also tend to 
agree more when they are nodding Briñol and Petty, [3]. 
Nodding creates a positive impression and engenders trust 
in a discussion Oshima, [23]. Furthermore, psychological 
research suggests that the frequency of nodding in face-
to-face conversations may reveal individual characteristics 
or even predict communication outcomes; applicants who 
nod more frequently in job interviews are more likely to be 
hired than those who nod less frequently Gifford et al, [6], 
McGovern et al, [20]. The role of nodding has been espe-
cially scrutinized in communication among Japanese Kita 
and Ide, [15], the target nationality of our study. For exam-
ple, Kogure demonstrated that silence during conversations 
is filled with mutual or simultaneous nodding to maintain 
a cooperative atmosphere during interactions Kogure, [16]. 
Although previous studies usually focused on dyadic inter-
actions Hale et al, [8], nodding undoubtedly offers benefits 
even in group communication. Thus, we believe that it is a 
promising behavioral indicator that facilitates the efficacy of 
group interaction and improves group intellectual productiv-
ity. If virtual reality technology is employed, using a head-
mounted display (HMD) to detect nodding is effective. Since 
the HMD is worn directly on the head, it ensures high reli-
ability in nodding detection. Aburumman et al. investigated 
the relationship between nodding behavior and likability as 
well as reliability within a VR environment [1].

To detect nodding in conversational settings, an image-
processing technique commonly captures the images of inter-
locutors. One method creates a 3D model of a speaker’s face 
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from video taken by a camera and detects nodding based on 
the model’s rotation angle JINDAI et al, [12]. In this method, 
however, a picture must be taken from in front of the target, 
creating camera preparation/installation costs as well as add-
ing stress on each participant. As pointed out by Won et al. 
[34], the mere fact that a behavior is being sensed undoubtedly 
causes anxiety in some speakers, ironically inhibiting smooth 
communication. Discreet sensing is required that resembles 
everyday life as closely as possible.

SenseChair

System design

We overcome these problems by proposing methods that 
acquire the body-sway data of users conversations using a 
chair-shaped device called SenseChair. Figure 1 shows its 
basic principle. SenseChair has four pressure sensors at each 
edge under its seat. These sensors have strain gauge type force 
sensor’s. Since 50 kg is the pressure sensor’s capacity, the 
pressure sensors must be maintained horizontally and at an 
equal height so that they don’t exceed their capacity. We put 
four pressure sensors on each edge of the chair between two 
5-mm thick, steel plates to keep the sensors horizontal and to 
equally disperse the user’s weight (Fig. 1). The system can 
acquire both center-of-gravity and weight data in real time by 
a maximum frequency of 100 Hz. SenseChair’s implementa-
tion is simpler than other chair-shaped devices since it has only 
four pressure sensors. These four sensors and the circuitry to 
control them can currently be purchased for less than 10 US 
dollars. Therefore, its installation and implementation costs are 
reasonable, and it is feasible for daily use since its implementa-
tion can be easily applied to other chairs with different shapes.

Center‑of‑gravity calculation

The center-of-gravity data include an X-coordinate, which is a 
left-right direction toward the front of the seat, and a Y-coordi-
nate, which is a front-rear direction toward its front. It’s impor-
tant to note that what we are measuring here is not the force 
vector, but rather the information about where the seated user 
is placing their center of gravity on the seat. The weight data 
denote the vertical direction movements of users. Each sensor 
value is represented as FL (front left) [kg], FR (front right) 
[kg], BL (back left) [kg], BR (back right) [kg], and the distance 
between sensors to the X-axis direction is Lx [m] and Ly to the 
Y-axis direction. The center-of-gravity (X, Y) and the weight 
(W) are calculated as follows:

(1)X =
FR × Lx + BR × Lx

FL + FR + BL + BR

where BR is the origin of the coordinate axes, the X-axis 
positive direction is the left direction, and the Y-axis posi-
tive direction is the front direction toward the chair. The data 
from the SenseChair define the center-of-gravity as X [m] 
and Y [m] and the weight as W [kg].

Experiment 1

Our experiments were carried out according to the principles 
expressed in the Declaration of Helsinki and approved by 
our local University Research Ethics Review Committee. 
All participants provided written informed consent to join, 
and this consent was also approved by the ethics committee.

Experimental methods

We asked three participants to engage in the Consensus 
Game Hall, [9] and the Alternative Uses Task Guilford, [7] 
to see how accurately our device detected nodding.

Participants

Three male university students in their 20 s participated 
in the experiment. They were all acquaintances and in the 
same age. Since females are more likely to synchronize their 
behavior Fujiwara et al,[4], we chose the male group for 
reliability.

Task and conditions

The participants sat on three initialized SenseChairs, and 
after a brief explanation of the experiment, performed two 
teamwork tasks for 20 min each. The first was a Consensus 
Game that prioritized 15 tools for surviving in the desert. 
The participants individually thought about the situation for 
ten minutes, discussed it among themselves, and agreed on 
one answer for the whole team. The second game was the 
Alternative Uses Task for which they listed as many uses for 
a brick as possible. The participants verbally tabulated the 
uses without taking any notes or using information terminals 
during the discussion. We recorded the video with a webcam 
to label the data. SenseChair’s sampling frequency was set to 
30 Hz to match the sampling rate of the cameras.

(2)Y =
FR × Ly + FL × Ly

FL + FR + BL + BR

(3)W = FL + FR + BL + BR,
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Data acquisition

After completing the experiment, three annotators (two 
participants and an experiment supervisor) explicated the 
recorded video by their nods. In this annotation, we created 
correct answer data for nodding when at least two out of the 
three people judged an answer as nodding. One participant 
did not attend as an annotator; however, the remaining two 
participants, who engaged in face-to-face conversation with 
him, annotated the data. As a result, the annotated data are 
considered to be sufficiently reliable. The number of anno-
tated nods was 110 for Subject 1, 120 for Subject 2, and 296 
for Subject 3, totaling 526 nods. We used this dataset of 526 
nods to perform nod detection and evaluated the degree of 
agreement between the nods identified by the system and the 
ground truth bythe F-measures. We used a neural network 
(NN) to detect nodding. Its structure and a method that used 
camera images as feature values are based on a Multi-Scale 
Convolution-LSTM Sharma et al, [27] that detected head 
movements with very high accuracy.

Next we describe a method that uses center-of-gravity 
and weight changes acquired by the SenseChairs as feature 
values. First, we standardized the time-series data of the 
center-of-gravity and weight, analyzed the frequency, and 
made them into a power spectra. We used a 64-point Ham-
ming window as the window function and set the amount of 
time shift to one sample each. We used the power spectra 
of the frequencies in a range from 1.5 to 6.0 Hz. Based on 
previous studies, this range is considered well characterized 
because 96% of the time taken for a single nod is distributed 
from 0.17 to 0.57 s Kihara et al, [14]. Since the data acquired 
at 30 Hz were frequency analyzed in a 64-point Hamming 
window, there were 11 corresponding power spectra in each 
direction. 33 power spectra were acquired in the X, Y, and 
W directions, and we used six of the averages and variances 
of the data acquired in the windows: a total of 39 features. 
For the camera images, we extracted 28 facial landmarks as 
features using OpenFace Baltrušaitis et al, [2].

Results

We calculated the F-measures of the three participants using 
the camera detection and SenseChair methods where each 
method judged whether nodding occurred in each frame of 

the data acquired at a sampling frequency of 30 Hz. The 
results are listed in the left half of Table 1. The F-measures 
of participant A are high for both methods. However, for par-
ticipant B, the F-measures of the camera method are much 
lower, probably because he wore glasses. In fact, previous 
studies Wall et al, [33] reported that the accuracy of head 
movement detection fell when participants wore glasses. The 
F-measures of participant B with the SenseChair method 
are also lower than those of participant A, but not as low as 
in the camera method, indicating a possible advantage of 
the SenseChair method. For participant C, the F-measures 
are not very high in either method. We believe that neither 
method accurately detected the nodding because participant 
C fidgeted during the experiment.

Next we calculated the accuracies of the methods to 
detect a series of nods as a single cluster since nodding is a 
continuous motion and it may not be reasonable to detect it 
on a frame-by-frame basis. First, we counted as one nodding 
cluster those nods whose intervals (between nods) were less 
than 0.30 s in the detected data. If the nodding clusters in the 
detected data overlapped the nodding clusters in the training 
data, even by one frame, or if they existed within 0.30 s, a 
nodding cluster was detected. We chose this value of 0.30 s 
because the time required for a single nod is distributed 
around 0.30 s. We would like to highlight that clustering 
can be seen as a means to remove noise by ignoring short-
term fluctuations. We believe this technique is applicable 
even during the actual operation of the system.

The results of the cluster-by-cluster evaluation using this 
method are shown in the right half of Table 1. The F-meas-
ures of all the participants and the methods improved more 
when evaluated on a cluster-by-cluster basis than on a frame-
by-frame basis. The F-measures of the participants and 
the methods with low F-measures greatly improved when 
evaluated on a cluster-by-cluster basis, suggesting that the 
frame-based detection’s time resolution was too fine to a 
minor shift in the detection of nodding. Since such minor 
deviations were barely perceived by the speakers and only 
slightly impact daily conversations, we believe that cluster-
based detection satisfies our objective. This result is the first 
evidence that the SenseChair method detects nodding with 
accuracy comparable to a camera method.

Table 1  Main results of Experiment 1 showing method and F-measure of each subject: (frame) indicates evaluation results in frames and (clus-
ter) indicates evaluation results in clusters

Participant /Method Camera (frame) SenseChair (frame) Camera (cluster) SenseChair(cluster)

Participant A 0.795 0.771 0.800 0.834
Participant B 0.029 0.406 0.388 0.536
Participant C 0.224 0.086 0.354 0.426
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Experiment 2

In this experiment, we conducted the Alternative Uses Task 
with 13 groups of six participants and investigated the rela-
tionship between the amount of nodding detected using 
SenseChair and the ideas generated during the task.

Experimental methods

Participants

Fifteen groups of six males in their 20 s to 40 s (90 peo-
ple total) were recruited through a temporary employment 
agency to participate in the experiment. The age distribution 
was 75 in their 20 s, 8 in their 30 s, and 7 in their 40 s. Due 
to measurement errors caused by inadequate equipment and 
other factors, we only used the data from 13 of the 15 groups 
(78 participants).

Task and conditions

After informing the participants of our experimental inten-
tions, we recorded their actions with a 360-degree camera in 
addition to the time-series center-of-gravity and weight data 
by the SenseChairs. The participants sat on initialized Sense-
Chairs, and after a brief explanation, conducted the Alterna-
tive Uses Task. They verbally listed as many uses for bricks 
as possible without taking notes or recording anything on 
information terminals. Since communicating persons never 
generate higher frequency of movements than those from 
trembling, which is a human physiological phenomenon that 
generally occurs at 10 Hz Sakamoto et al, [26], the sampling 
frequency of the SenseChairs was set to 20 Hz.

Data acquisition

We used SenseChairs to detect nodding as in Experiment 1. 
We calculated the amount of nodding using the frame-by-
frame nodding data. Note that this frame-by-frame nodding 
data was corrected by the clustering process described in 
Sect.  4.3. First, we assigned a nod value to each frame for 
each participant. The amount of nodding akt for participant k 
at certain frame t was calculated by the following equation, 
where Sk is the total number of frames in which participant 
k nods:

By summing up the amount of nodding assigned to each 
participant, we calculated the number of nods for that frame. 

(4)akt =

{

1

Sk
(k is nodding at frame t.)

0 (k is not nodding at frame t.)

Nodding amount At for a group of six people at frame t is 
calculated by the following formula:

In other words, we weighted each participant by the recip-
rocal of the total number of nodding frames. Those who 
nodded frequently had a small effect on the calculation of 
the nodding amount; those who nodded infrequently had a 
larger effect. We conducted the following analysis based on 
nodding amounts calculated in this way.

Results

Analysis 1

In this analysis, we investigated the differences in the amount 
of nodding between around a point of time when the idea 
was generated (where using a brick was mentioned) and the 
other points. We defined “around” as five seconds before and 
after each point of time. We defined the point of time when 
the idea was generated as the timing when the participants 
started discussing the idea. In addition, we focused on the 
point after the idea generation and also investigated the point 
before the idea was generated. The set time should be longer 
than the idea’s duration. However, if it is too long, perhaps 
nodding will be included that was induced by something 
unrelated to the idea. When we examined the duration of 
all the ideas generated during the task, 95% were less than 
4.91 s. Therefore, we adopted a duration of five seconds, 
which exceeds the duration of most of the ideas.

Next we selected the points of time generated by the 
idea and the points to be compared. To avoid any bias, we 
extracted the points to be compared from the task’s entire 
time. We first defined the frames that discussed ideas as 
“idea frames” and frames that did not discuss them as “non-
idea frames.” To observe the differences between with/
without conversations, we classified them into two groups: 
“conversation frame” and “non-conversation frame.” The 
frames do not overlap. If several ideas occurred in 5 s, only 
the first one was counted.

We divided the time-series data of the group activ-
ity into three segments: A) where an idea was generated 
(conversation segment with an idea), B) where no idea 
was generated but there was a conversation (conversation 
segment without an idea), and C) where there was no con-
versation (non-conversation segment). For comparison, 
these three segments were further divided into the amount 
of nodding five seconds before (before) and after (after) 
for a total of six segments. Table 2 shows the classifica-
tion of the segments. Figure 2 compares the six segments, 

(5)At =

6
∑

k=1

akt.
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where a violin plot was overlaid with a box-and-whisker 
diagram of the amount of nodding in each segment. Since 
this study focuses on comparing the amount of nodding 
between the points of time when an idea is generated 
and other points, we compared the amount of nodding 
calculated for the same section (before or after) for the 
“conversation segment with an idea” and two other seg-
ments using the Brunner-Munzel Test, which is a non-
parametric test of the significant differences between two 
groups. We focused on the “conversation segment with an 
idea” and compared the amount of nodding five seconds 
before and after the segment. Given a total of five mul-
tiple comparisons, the level of significance was adjusted 
using the Bonferroni correction: .05∕5 = .01 . The results 
show that when comparing the amount of nodding for five 
seconds before each segment (i.e., comparison among A, 
B, and C in Fig. 2), it was significantly different between 
the segments: A > C(p < .001) , B < C(p < .001) . In con-
trast, when comparing the amount of nodding five sec-
onds after each segment (i.e., comparison among D, E, 
and F in Fig. 2), it was significantly higher in the “F: 

conversation segment with idea (after);” D < F(p < .001) , 
E < F(p < .001) . When comparing “C: conversation seg-
ment with idea (before)” with “F: conversation segment 
with idea (after),” the amount of nodding in the latter 
segment was significantly higher (p < .001) . These results 
suggest that nodding is more likely to occur after idea 
generation.

Analysis 2

In this analysis, we investigated the relationship between 
the amount of nodding after idea generation and the idea’s 
quality. Since the results of Analysis 1 showed that nodding 
after idea generation was a dominant pattern, we calculated 
the amount of nodding after idea generation by summing 
the amount of nodding in the first five seconds after idea 
generation, as in Experiment 1. We quantified the quality 
of the ideas through a questionnaire survey. 428 ideas were 
generated during the task, and after removing duplicate and 
synonymous ideas, 211 different ideas were analyzed. We 
used the following four items, which captured the multi-
faceted nature of the outcomes in the divergent thinking 
task Hennessey and Amabile, [10], Plucker et al, [25] to 
evaluate them: (Q1) Is this idea impressive? (Q2) Is this 
idea original? (Q3) Is this idea convincing? and (Q4) Is this 
idea socially acceptable? We evaluated the questionnaire on 
a 5-point scale: (5: greatly agree; 4: agree; 3: neither; 2: 
disagree; and 1: strongly disagree). These four items were 
chosen not to measure the overall creativity with a single 
item but to test whether items related to creativity (even in 
the opposite direction) collectively show results in the same 
direction. We administered questionnaires to 11 people and 

Table 2  Classification of segments

Segment Definition

A Conversation segment without idea (before)
B Non-conversation segment (before)
C Conversation segment with idea (before)
D Conversation segment without idea (after)
E Non-conversation segment (after)
F Conversation segment with idea (after)

Fig. 2  Main results of Analysis 
1 showing amount of nodding 
for six segments in a violin plot 
overlaid with a box-and-whisker 
diagram: Segments A and C, B 
and C, D and E, E and F, and 
C and F were compared using 
Brunner-Munzel Test. Level of 
significance was adjusted using 
Bonferroni correction (p =.01)
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calculated the average results for each item and each idea. 
We conducted a correlation analysis using Spearman’s rank 
correlation coefficient between the questionnaire results and 
the amount of nodding and conducted a multiple regression 
analysis using the questionnaire results as explanatory vari-
ables and the amount of nodding as an objective variable.

Analysis 2a: creativity at idea level Fig.  3 shows a 
scatter plot of the ideas generated during the task. The 
horizontal axis shows the amount of nodding five seconds 
after idea generation and the vertical axis shows the ques-
tionnaire results on the subjective quality of the ideas for 
each (a) to (d). As in Fig. 3, the correlation (Spearman’s 
rank correlation) was small and non-significant except 
for Q2; Q1 ∶ −.083(p = .084) ,  Q2 ∶ −.100(p = .036) , 
Q3 ∶ .056(p = .242) , and Q4 ∶ .091(p = .056) . Thus, we 
found no idea-level correlation between the amount of nod-
ding and the subjective quality of each idea.

Analysis 2b: creativity at group level Fig. 4 shows a 
scatter plot of the total frames detected as nodding in the 
group and the averaged quality of the ideas during the 
task. The horizontal axis shows the amount of nodding 
five seconds after idea generation, and the vertical axis 
shows the questionnaire results on the subjective qual-
ity of the ideas for each (a) to (d). For each variable, the 
correlation coefficient (Spearman’s rank correlation) was 
not small;  Q1 ∶ .489(p = .090) ,  Q2 ∶ .324(p = .280) , 
Q3 ∶ −.319(p = .289) , and Q4 ∶ −.357(p = .231) . There-
fore, it can be said that we were able to detect nodding as an 
action that serves the simple functions of local coordination 
and agreement, rather than focusing on the quality of the 
ideas or group creativity.

Fig. 3  Main results of Analysis 2a showing amount of nodding within 
five seconds after idea generation (horizontal axis) and questionnaire 
result for each (A) to (D) (vertical axis): Questionnaire items are (A) 

Q1: impressive, (B) Q2: original, (C) Q3: convincing, and (D) Q4: 
socially acceptable
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Discussion

We proposed a nodding-detection method using the Sense-
Chair in a group task. In Experiment 1, we compared the 
detection accuracy of the proposed and existing methods 
using cameras and confirmed that both methods were com-
parable in term of detection accuracy. In Experiment 2, the 
amount of nodding increased more after an idea was gen-
erated compared to before an idea was generated or other 
points (Analysis 1). However, we found no significant cor-
relation between the amount of nodding after idea genera-
tion and the subjectively rated creativity at either the idea 
level (Analysis 2a) or the group level (Analysis 2b).

Since our proposed nodding-detection method using 
the SenseChair was as accurate as existing methods using 
cameras, it seems to possess at least two advantages. 
One is cost. To detect nodding using a camera, a picture 
must be taken from in front of the target, which requires a 

camera for every interlocutor. It also puts a mental strain 
on the interlocutors who are being filmed Won et al, [34]. 
Whether online or offline, not everyone feels comfortable 
being filmed during group work. In this regard, because 
the SenseChair resembles an office chair and just measures 
the 3D information on the seat, users might feel more com-
fortable during its measurements. The second advantage 
concerns privacy, which we must protect. A facial photo 
captures more information than is necessary to detect 
nodding. The information processed in the SenseChair is 
simple but powerful enough to detect nodding. Even when 
filming is discouraged (e.g., a meeting involving confiden-
tial information), the SenseChair may be applicable.

Analysis 1 of Experiment 2 shows that the amount of 
nodding increased more after an idea was generated than 
before it was generated or other timings. These results 
were robust even after weighting the nodding frequency 
(i.e., nodding by those who nodded frequently as well as 

Fig. 4  Main results of Analysis 2b showing total amount of nod-
ding within five seconds after idea generation (horizontal axis) and 
questionnaire result for each (A) to (D) (vertical axis): Questionnaire 

items are (A) Q1: impressive, (B) Q2: original, (C) Q3: convincing, 
and (D) Q4: socially acceptable
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those who nodded infrequently). Thus, nodding functions 
as a reaction that flattens subsequent interactions. How-
ever, note that the ideas followed by much nodding did 
not necessarily denote high quality (Analysis 2a). Nod-
ding may not be a direct indicator of a group’s intellectual 
productivity, although it will indirectly reflect whether its 
communication is productive. Even if nodding served pri-
marily as a simple local coordination and agreement, it is 
likely indicative of a group in which communication was 
successful.

Limitations

We developed SenseChair to measure center-of-gravity 
changes and proposed a method that automatically detected 
nodding. Although SenseChair offers several advantages, 
it requires more cost and space than a camera and may be 
affected by such unconscious actions as fidgeting. In our 
experiment, we placed cameras in front of participants to 
annotate or verify nodding. This decision may have biased 
their behavior, causing them to behave differently from their 
more typical behavior. In this study, we performed experi-
ments using the Alternative Uses Task and analyzed the data 
under the premise that nodding is related to the generation 
of ideas. If the context were to change to free discussion, 
further experiments and analysis would be needed to exam-
ine whether the nodding gestures are influenced by simple 
agreement. Furthermore, the instructions for this study 
specified that participants should remain seated during 
the discussion, which may have led to behaviors that differ 
slightly from those in actual discussions. For instance, in 
such discussions, participants might stand up or use tools 
like a whiteboard. While chair-based sensors are inherently 
unable to sense users who are standing, incorporating analy-
sis of movements like standing and sitting could offer new 
insights.

In the analysis, we focused on the quantity of nods and 
not their quality, such as amplitude and frequency. For 
example, previous studies argued that communication is 
smoother when body movements are synchronized in a 
certain frequency range (0.5−1.5 Hz) Fujiwara et al, [5]. 
The relationship between an idea and nodding may differ 
between sincere nodding and nodding while laughing at an 
idea’s infeasibility. In fact, in this experiment, sometimes 
the participants nodded while laughing at relatively silly 
ideas, which might explain why no correlation was found 
in Analysis 2a. By quantifying the quality of the nods in 
terms of their amplitude and frequency and conducting 
further research, we believe that we can evaluate the qual-
ity of ideas based on speaker nods, i.e., judging a group’s 
intellectual productivity. In this paper, since we did not 
deeply consider who nodded, most likely a leader’s nod-
ding will function differently than a follower’s nodding. In 

other words, perhaps we should pay attention to the nods of 
individual participants and give them their own weight for 
evaluating a group’s intellectual productivity. In addition, 
we calculated the idea-level and group-level correlations by 
investigating the relationships between the calculated ques-
tionnaire results and the amount of nodding. We used the 
proposed method in Analysis 1 to calculate the amount of 
nodding. Therefore, the proposed method’s accuracy may 
have affected the results of Analysis 2. For example, we rec-
ognize that the results may be influenced by factors such as 
whether the subjects are wearing glasses and by biases in the 
attributes of the subjects, as the data used for training the 
nod detection were from only three individuals. To create a 
more generalized system, data should be collected from a 
larger number of subjects.

All the participants in this experiment were Japanese, and 
the majority were young males. It is possible that the tim-
ing and frequency of nods during conversations, or even the 
nodding motions themselves, could vary due to differences 
in age groups or cultural backgrounds between countries. 
While the results of this system may not be universally appli-
cable, we have demonstrated the potential to estimate nod-
ding behavior and conversational productivity by collecting 
data from subjects with diverse cultural backgrounds.

Conclusion

We conducted two experiments in which we asked three 
participants to engage in the Consensus Game Hall, [9] 
and the Alternative Uses Task Matsui and Hikono, [18] to 
determine how accurately our device detected nodding. The 
Consensus Game was employed because it is likely to yield 
a high number of nodding gestures, which serve as indicators 
of agreement. Meanwhile, the Alternative Uses Task was 
employed because it allows us to measure intellectual pro-
ductivity in terms of idea generation. First, participants per-
formed two tasks for ten minutes each, which were recorded 
using SenseChair and three webcams placed in front of each 
participant. Next we created a grand-truth label for the nod-
ding timing to train the neural network. We prepared features 
such as changes in center-of-gravity and weight recorded 
using SenseChair and facial landmarks extracted from video 
data captured by cameras. We then compared their detection 
accuracy.

In the second experiment, we conducted the Alternative 
Uses Task with 13 groups of six participants and investigated 
the relationship between the amount of nodding detected 
using SenseChair and the ideas generated during the task. 
The group interaction data are based on Matsui et al. Matsui 
and Hikono, [18]. The participants sat in SenseChairs and 
engaged in the following 15-minute task. For the amount of 
nodding in a group, we adjusted the weights so that as more 
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participants nodded throughout the task, the weight became 
smaller. This adjustment allows us to consider the nodding 
of those who do so infrequently. We calculated the number 
of group members who nodded to sum each weighted quan-
tity of nodding and investigated the relationship between 
the amount of nodding and the ideas generated through the 
following three analyses. In Analysis 1, we compared the 
amount of nodding around the points of time when ideas 
were generated (where using a brick was mentioned) with 
the amount of nodding around the other points. This analysis 
approach allowed us to investigate the relationship between 
the amount of nodding and the group’s intellectual produc-
tivity. In Analysis 2, we focused on the subjective quality 
of ideas. The questionnaire included the following four cat-
egories on a 5-point scale: impressive, original, convincing, 
and socially acceptable. Eleven people evaluated the ideas, 
which were averaged for each item and for each idea. As in 
Analysis 2a, we next computed the idea-level correlation by 
investigating the correlation between the calculated ques-
tionnaire results and the amount of nodding. In Analysis 
2b, we examined the group-level correlation. The subjective 
quality of each idea was averaged within a group to examine 
the relationship between the total amount of nodding and 
idea quality through the task.

In the future, we will quantify nodding quality in terms 
of its amplitude and frequency because we believe that we 
can evaluate the quality of ideas based on speaker nods, i.e., 
evaluating a group’s intellectual productivity.
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