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Abstract

Praising behavior is considered an important method of com-
munication. It is considered effective in building good relation-
ships with others and bringing out the best in them. However,
there are quite a few people who have difficulty in praising suc-
cessfully. These people have difficulty judging and improving
their praising skills. The reason is that they have not clarified
which behaviors are important for successfully praising. In this
paper, we analyze praising behavior by focusing on the con-
tent of utterances in Japanese. We construct machine learning
models for estimating praising skills to analyze behaviors for
successfully praising. Then, we extract features from the utter-
ances of persons who give praise (praiser) and those who re-
ceive praise (receiver). The results showed that the best perfor-
mance of our models was F1 = 0.632. We analyzed praising
skills from the results of that model. An utterance of praising
scene, one receiver utterance immediately preceding the utter-
ance of praising scene, and four receiver utterances immediately
following it are crucial for estimating praising skills. The co-
sine similarity between an utterance by a praiser and one by a
receiver is also important as a feature. Thus, we confirmed that
the utterances of receiver are similar to the utterances of praiser.
Index Terms: multimodal interaction, verbal behavior, praise

1. Introduction
Praising behavior is considered an important method of com-
munication in daily life and social activities. However, some
people would like to become better at praising, because they
are not confident in their ability to do it. To improve their prais-
ing skills, they need to understand their own praising skills.
However, they have difficulty understanding the degree of their
skills. To learn about their own skills, they need to ask others,
such as family and friends, to evaluate them and to receive guid-
ance from experts. Therefore, we attempt to clarify which be-
haviors are important for successfully praising a partner during
a dialogue. Onishi et al. [1][2] have worked to clarify the behav-
iors for successfully praising from nonverbal behaviors such as
head motion, facial expressions, and voice behavior. However,
verbal behavior is also considered important for praising. In this
study, we develop machine learning models that use the linguis-
tic features of the speaker to estimate praising skills, thereby
clarifying which features are important for the praiser and re-
ceiver. The main contributions of this paper are as follows.

• To clarify whether linguistic features can be used to esti-
mate praising skills.

• To clarify which utterances of the praiser and receiver
are important for estimating praising skills.

2. Related work
2.1. Studies on praising behavior

Praising behavior has been studied in the fields of psychology
and sociology. In educational psychology, particular empha-
sis is placed on the teacher-student relationship and getting the
most out of students’ abilities[3][4]. Praising is verbal and non-
verbal behavior that expresses admiration directed toward the
actions and character of the target and is considered a complex
form of social communication rather than one-way communica-
tion from a person giving praise to a receiver [5][6][7]. Morton
et al. [8] modeled the sequence of praising actions and defined
what factors and responses are at work in the act of praise. They
believe that the objects of praise are the appearance, posses-
sions, accomplishments, and efforts of the person being praised.
It was suggested that the praiser forms their compliments by lis-
tening to the “accomplishments” and “effort” of the person to be
praised. The praiser’s response is thought to be contained in the
words that the person given praise says after the praise.

2.2. Estimation of personality traits and performance

Many studies have analyzed behaviors and abilities using hu-
man verbal and nonverbal behaviors, such as communication
skills, presentation skills, empathy, self-disclosure, and speaker
persuasion. This study is closely related to studies that use
human verbal and nonverbal information to analyze behavior
and abilities in specific tasks and situations. Okada et al. [9]
constructed a regression model to predict communication skill
scores using turn-taking , prosodic information, head move-
ments, parts of speech, and dialogue acts as features based on
ratings of communication skills by experienced personnel man-
agers. Tan et al. [10] used verbal and nonverbal behaviors in di-
alogue to construct and evaluate a model for predicting whether
listeners empathize with the speech of others, and they reported
that speech and speech content, especially the speaker’s speech
content, are important in predicting the degree of empathy of
the listener. Perez-Rosas et al. [11] analyzed speaker emotions
in online videos using verbal and nonverbal information. They
report that the highest performance in emotion estimation was
obtained when using audio, visual, and speech content modal-
ities. Soleymani et al. [12] showed that the content of verbal
behavior is related to self-disclosure through a correlation anal-
ysis of verbal and nonverbal behavior during dialogue. They
also constructed a multimodal deep neural network to estimate
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the level of self-disclosure. The results show that a unimodal
model using only verbal behavior can most accurately estimate
the degree of self-disclosure. Onishi et al. [1][2] reported that
nonverbal behaviors related to head, face, and voice are use-
ful for estimating the ability to praise. Therefore, we attempt
to estimate praise using not only nonverbal behaviors but also
speaker utterances.

3. Research goals
As mentioned in 2.1, many studies on praising behavior have
been reported in psychology and sociology. There has been lit-
tle engineering analysis of how to behave in actual dialogue sit-
uations. In addition, as mentioned in 2.2, many studies have
been reported that analyzed behaviors and abilities in specific
tasks and scenes in terms of verbal and nonverbal behaviors.
These studies analyzed speakers’ personality traits and abilities
such as presentation, empathy, and self-disclosure in communi-
cation. However, few studies have analyzed praising behavior
using human verbal and nonverbal behaviors. Therefore, we
analyzes praising behavior from an engineering perspective and
attempts to clarify which behaviors are important in praising
behavior. Onishi et al. [1][2] analyzed praising skills using
head motion, facial expression, and voice behavior. However,
the speaker’s utterances appear crucial in praising behavior[8].
Many studies have reported similar levels of estimation perfor-
mance using only nonverbal and verbal behaviors when evalu-
ating a specific task or human behavior. From 2.1, the praising
behavior is a complex communication between the praiser and
receiver. This indicates that the utterance of praising scene is
closely related to the receiver’s utterance. Therefore, we fo-
cus on the utterance of both the praiser and receiver in praising
behavior. To praise successfully, we need to clarify the relation-
ship between the utterance of a praiser and a receiver. Based on
the above, our research goals are the following three items.

Goal 1. Predicting praising skills from a speaker’s utterances.

Goal 2. Analyze linguistic features that can predict praising
skills with high performance.

Goal 3. Analyze which utterances of a speaker should be used to
predict praising skills with high performance.

4. Dialogue corpus
In this paper, we used a corpus of dialogues developed by On-
ishi et al. [1][2]. This corpus contains face-to-face two-party
dialogues annotated with dialogue data and includes an evalua-
tion of praising skills. The details of the corpus are described in
this section.

4.1. Recording of two-party dialogue

Onishi et al. [1][2] recorded two-party dialogues in Japanese to
record verbal and nonverbal behaviors. The participants in the
two-party dialogues were 34 university students in their twen-
ties (28 males and 6 females) who were divided into 17 pairs.
Among the 17 pairs, 14 pairs included participants meeting for
the first time, 2 pairs included acquaintances, and 1 pair in-
cluded friends. To begin recording dialogues, they requested
participants prepare two or more episodes about things that they
had been working hard on to prepare materials for the dialogues.
The participants were seated facing each other and separated by
180 cm, as shown in Figure 1. The dialogues were recorded
using a video camera to record each participant’s head and face
behaviors and a microphone to record each participant’s voice.

Figure 1: Two-party face-to-face dialogue.

Scenes Mean (sec) Max (sec) Min (sec)
Utterance (praiser) 2701 1.324 23.117 0.062
Utterance (receiver) 3413 2.040 26.234 0.018
Praising scenes 228 2.018 9.127 0.368

Table 1: Information on utterance and praising scenes.

Each pair of participants (participants A and B) performed dia-
logues (1) to (3) in accordance with the experimenter’s instruc-
tions.

(1) A self-introduction (5 min).

(2) Dialogue with participant A as a praiser and participant
B as a receiver (5 min).

(3) Dialogue with participant B as a praiser and participant
A as a receiver (5 min).

They recorded 17 pairs of dialogues (1) to (3) for a total
of 255 minutes of two-party dialogues. Dialogue (1) (self-
introduction) was not used in their analysis because many of the
pairs were meeting for the first time, and its purpose was simply
to relieve the tension between participants. In dialogues (2) and
(3), the receiver was instructed to discuss the things that they
had been working hard to accomplish. To ensure that the par-
ticipants conversed naturally regarding a variety of topics, they
also allowed them to discuss topics that they had not prepared
beforehand. The praiser was instructed to praise the receiver.
However, they allowed the participants to raise questions and
react freely to avoid any unnatural dialogues that would have
involved unilateral praising. This procedure was approved by
the ethics committee.

4.2. Annotation of dialogue data and evaluation of praising
skills

Onishi et al. [1][2] annotated the dialogue data recorded in 4.1.
They used ELAN [13], a tool for annotating video and audio
data, to manually annotate utterance scenes in the video and
audio data of each participant. The results of the scenes are
presented in Table 1.

Utterance scene: continuous voice intervals with a silent in-
terval of less than 400 ms.

The interval between consecutive utterances was set to less than
400 ms so that the intervals of utterances were natural.

The evaluation of praising skills was conducted by five
third-party annotators who did not participate in the two-party
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dialogues. Specifically, annotators made the following judg-
ment and evaluation for each utterance scene featuring the
praiser extracted in 4.2, referring to the video data recorded
from the video camera set up in front of the praiser and the au-
dio data recorded from the microphone attached to the praiser.

• Judgment of whether the praiser praises the dialogue
partner in the scene.

• If the praiser did praise the dialogue partner, an evalua-
tion of praising skills on a 7-point Likert scale from 1 (I
do not think the praiser is successfully praising) to 7 (I
think the praiser is successfully praising).

From the above, we defined praising scenes and praising scores.
Information on the praising scenes is shown in Table 1.

Praising scene: a scene in which three or more annotators
judged the praiser to be praising in each utterance scene.

Praising score: the mean of the evaluations by annotators who
judged the praiser to praising in each praising scene.

They evaluated the rate of concordance of praising scores
among annotators using intraclass correlation coefficients (ICC)
[14]. They calculated the ICC for each combination of three to
five annotators, and calculated the weighted average by consid-
ering the number of samples. The results were ICC(2, k) =
0.571. This suggests that the praising scores were reliable data
with a medium level of concordance among annotators.

5. Analysis of features that contribute to
praising skills

5.1. Feature extraction

We extracted the linguistic features of the speaker’s utterances
from the range shown in Figure 2. We used the utterances
of praising scenes (hereafter called “Ps”) as the utterances by
the praisers. We used ten utterances by the receiver, includ-
ing the five utterances immediately before a Ps (hereafter called
“B1 to B5”) and five utterances immediately after the Ps (here-
after called “A1 to A5”). To extract linguistic features from the
speaker’s utterances, we used BERT [15], which represents a
speaker’s utterances as vectors. BERT is a language model that
can train on large unsupervised data sets. It is a multi-layer
bidirectional transformation network and is effective for repre-
senting word embeddings. In this paper, we transformed each
utterance into a 768–dimensional feature vector using a BERT
model pre-trained using Japanese Wikipedia. As a specific ex-
traction method, we obtained an embedded representation of
[CLS], a special token at the top of the final layer of the BERT
process for an input sentence.

In addition, the utterance of a praiser and that of a receiver
are closely related [8]. Therefore, we considered the similarity
between them to be important. We calculated the cosine similar-
ity of each utterance vector of the praiser and receiver and used
it as a feature. This allowed us to clarify whether the similarity
between the utterances is necessary.

5.2. Estimation of praising scores

We developed machine learning models that use the linguistic
features of the speaker to estimate praising skills. On the ba-
sis of the above, we divided the praising scenes (228 scenes in
total) into three groups: low, medium, and high group. We de-
veloped a classifier that estimates which class a praising score
belongs to on the basis of linguistic features. To keep the num-
ber of praising scenes in each group as equal as possible, the

praising scores for the low to high groups were defined as fol-
lows. Threshold values were defined by making the number of
scenes in the three groups be as equal as possible and by mak-
ing sure that scenes with the same praising scores did not exist
multiple groups 1.

Low group: scenes in which utterance of praising scene with
a praising score of 3.8 points or less (82 scenes in total).

Middle group: utterance of praising scene with a praising
score greater than 3.8 points and less than 4.4 points (65
scenes in total).

High group: utterance of praising scene with a praising score
of 4.4 points or higher (81 scenes in total).

We used random forests [16], which can evaluate the impor-
tance of features, to develop an estimation model. We tuned
hyperparameters such as the learning rate and tree depth using
Hyperopt [17]. Feature selection was repeated until the model
stopped improving by removing the least important features se-
quentially. The dataset was randomly divided into 90% training
data and 10% test data. The task of estimating the class to which
the test data belongs using a model trained on the training data
was repeated 100 times. Machine learning models were built by
varying the scope and method of feature extraction.

5.3. Results of the proposed models

Table 2 shows the estimation results for the constructed ma-
chine learning models. The baseline was the chance level. The
model with the highest performance used an utterance of prais-
ing scene, one receiver utterance immediately before the utter-
ance of praising scene, and four receiver utterances immediately
after the utterance of praising scene. The result of this model
was F1 = 0.632.

5.4. Discussion

Based on the results in Section 5.3, we discuss the relationship
between speakers’ utterances and praising skills.

Goal 1. Predicting praising skills from a speaker’s ut-
terances. Based on the results in section 5.3, the best per-
forming model (M25, F1 = 0.632) had a higher accuracy
than the chance level (Baseline, F1 = 0.357). Furthermore,
the performance of M25 exceeded that of the machine learning
model for estimating praising skills based on nonverbal behav-
iors (F1 = 0.548) [2]. This allows us to confirm that estimat-
ing praising skills using the content of the speaker’s utterances
is effective. However, of course, the act of praise comprises ver-
bal and nonverbal behaviors. In the future, we should analyze
praising skills using both verbal and nonverbal behaviors.

Goal 2. Analyze linguistic features that can predict prais-
ing skills with high performance. The model with the highest
performance (M25) was based on the BERT vector of the ut-
terance of praising scene and the cosine similarity between the
praiser’s utterance and the receiver’s utterance. Many of the
statements from the high group did not merely include words
of praise, but also specific reasons for praising. This allowed
a variety of concepts to be included in successful praising ut-
terances. The BERT vector probably represents the diversity of
concepts. Related to the above, there were many cases in the
high group where the praiser and the receiver specifically re-
ferred to each other’s statements. This made the concept of the

1The number of scenes in each group should be equal, but it was not
equal because many scenes had the same score.
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Figure 2: Speaker’s utterance with linguistic features extracted.

Ps B5 B4 B3 B2 B1 A1 A2 A3 A4 A5 F1 (praiser + receiver) F1 (praiser + cosine similarity) F1 (praiser + receiver + cosine similarity)
Baseline 0.357 0.357 0.357
M0 ✓ 0.620 0.620 0.620
M1 ✓ ✓ 0.593 0.584 0.580
M2 ✓ ✓ ✓ 0.589 0.601 0.571
M3 ✓ ✓ ✓ ✓ 0.565 0.595 0.575
M4 ✓ ✓ ✓ ✓ ✓ 0.578 0.613 0.568
M5 ✓ ✓ ✓ ✓ ✓ ✓ 0.568 0.597 0.560
M6 ✓ ✓ 0.616 0.593 0.619
M7 ✓ ✓ ✓ 0.598 0.602 0.589
M8 ✓ ✓ ✓ ✓ 0.561 0.618 0.584
M9 ✓ ✓ ✓ ✓ ✓ 0.574 0.612 0.568
M10 ✓ ✓ ✓ ✓ ✓ ✓ 0.592 0.576 0.580
M11 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.599 0.609 0.562
M12 ✓ ✓ ✓ 0.607 0.611 0.582
M13 ✓ ✓ ✓ ✓ 0.587 0.595 0.578
M14 ✓ ✓ ✓ ✓ ✓ 0.587 0.614 0.572
M15 ✓ ✓ ✓ ✓ ✓ ✓ 0.571 0.611 0.562
M16 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.569 0.574 0.575
M17 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.583 0.608 0.559
M18 ✓ ✓ ✓ ✓ 0.563 0.586 0.579
M19 ✓ ✓ ✓ ✓ ✓ 0.563 0.604 0.550
M20 ✓ ✓ ✓ ✓ ✓ ✓ 0.580 0.580 0.576
M21 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.580 0.604 0.575
M22 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.584 0.560 0.592
M23 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.539 0.608 0.577
M24 ✓ ✓ ✓ ✓ ✓ 0.613 0.595 0.569
M25 ✓ ✓ ✓ ✓ ✓ ✓ 0.594 0.632 0.595
M26 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.584 0.610 0.577
M27 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.549 0.593 0.562
M28 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.566 0.572 0.577
M29 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.582 0.574 0.556
M30 ✓ ✓ ✓ ✓ ✓ ✓ 0.566 0.597 0.549
M31 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.560 0.565 0.550
M32 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.550 0.569 0.567
M33 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.580 0.592 0.572
M34 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.550 0.624 0.600
M35 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.581 0.613 0.555

Table 2: Evaluation results for each model with varying feature extraction ranges and feature extraction methods (praiser: vector
representation of Ps’ statements, receiver: vector representation of B1 to B5 and A1 to A5 statements, cosine similarity: cosine
similarity of Ps’ statements and B1 to B5 and A1 to A5 statements).

praiser’s utterance and the receiver’s utterance similar. The co-
sine similarity probably represents the proximity of the concept.

Goal 3. Analyze which utterances of a speaker should be
used to predict praising skills with high performance. The
range of features extracted for the highest performing model
(M25) had praising scene (Ps), an utterance of the receiver im-
mediately before the praising scene (B1), and four utterances
of the receiver immediately after the praising scene (A1 to A4).
The receiver’s utterances immediately before the praiser’s ut-
terance seem to contain the information to be praised. The re-
ceiver’s utterances immediately after the praiser’s utterance are
considered to indicate the level of satisfaction with praise. For
the above reasons, we consider that M25 involving both before
and after utterances yielded the best performance.

This study has some limitations. First, we have not con-
sidered the utterances of receivers that overlap with praising
scenes. These utterances may be more important than other
utterances. In the future, we would like to analyze these ut-
terances taking into account. Second, the speakers were ex-
clusively Japanese. If the language, historical background, and

culture are different, the results might be different. In the future,
we would like to analyze praising skills taking into account dif-
ferences in language or culture.

6. Conclusion

In this paper, we analyzed how the utterance contents of the
praiser and receiver in Japanese is related to praising skills. The
results showed that these skills can be predicted from the con-
tent of utterances. In addition, we clarified ranges of utterances
from which to extract appropriate linguistic features to predict
praising skills. The ranges of significant utterances are as fol-
lows: the utterance in the praising scene, one utterance by the
receiver immediately before the praising scene, and four ut-
terances by the receiver immediately after the praising scene.
Thus, predicting praising skills requires attention to the content
of both the praiser’s and receiver’s utterance. In the future, we
intend to conduct a multimodal analysis by adding nonverbal
behaviors such as facial expressions and voice behavior.
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