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Abstract

Communication success relies heavily on read-
ing participants’ reactions. Such feedback is
especially important for mental health coun-
selors, who must carefully consider the client’s
progress and adjust their approach accordingly.
However, previous NLP research on counsel-
ing has mainly focused on studying counselors’
intervention strategies rather than their clients’
reactions to the intervention. This work aims
to fill this gap by developing a theoretically
grounded annotation framework that encom-
passes counselors’ strategies and client reac-
tion behaviors. The framework has been tested
against a large-scale, high-quality text-based
counseling dataset we collected over the past
two years from an online welfare counseling
platform. Our study show how clients react to
counselors’ strategies, how such reactions af-
fect the final counseling outcomes, and how
counselors can adjust their strategies in re-
sponse to these reactions. We also demonstrate
that this study can help counselors automati-
cally predict their clients’ states 1.

1 Introduction

There can be no human relations without commu-
nication, yet the road to successful communication
is paved with obstacles (Luhmann, 1981). Given
the individuality and separateness of human con-
sciousness, it is hard to guarantee one can receive
the message sent by another. Even if the message is
fully understood, there can be no assurance of its ac-
ceptance. By getting feedback from their partners,
communicators can better understand their commu-
nicative states. This allows communicators to ad-
just their communication strategies to fit better their
communication environment, which is crucial for
successful communication. However, most work

∗Equal Contribution.
†Corresponding Author.

1 You can access our annotation framework, dataset and
codes from https://github.com/dll-wu/Client-Reactions.

Figure 1: Examples of how counselors adjust their strate-
gies according to their client’s reactions.

on improving the success rates in communication,
such as persuasion (Wang et al., 2019) and men-
tal health support (Zhang et al., 2019; Zhang and
Danescu-Niculescu-Mizil, 2020; Liu et al., 2021),
focuses on speakers’ strategies. But little research
is on how listeners’ reactions shape trajectories
and outcomes of conversations. In this work, we
address the gap by examining how to use the reac-
tions of clients to predict and improve the quality of
psychological counseling, a field that has profound
societal and research impact.

Psychological counseling is one of the most chal-
lenging and skillful forms of communication (Al-
thoff et al., 2016). Counselors take clients through
their mental health concerns while balancing the
stress they are experiencing (Zhang and Danescu-
Niculescu-Mizil, 2020). To do it well, counselors
rely on training and on continuing experience with
clients to acquire the consultative skills. How-
ever, it is difficult for counselors to get direct feed-
back on their interventions from clients in prac-
tice (Zhang et al., 2019). Besides, due to the lack
of accurate assessments of general counseling in-
terventions (Tracey et al., 2014), the prior studies
found no noticeable improvement or effectiveness
of counselors’ interventions after training or coun-
selings (Dawes, 2009; Hill et al., 2015; Goldberg
et al., 2016). As a result, some have even argued
that psychological counseling is" a profession with-
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out any expertise" (Shanteau, 1992). In this regard,
one solution to facilitate counselors noticing the
effectiveness of interventions is to know clients’
feedback during counseling conversations.

However, researchers in the field mainly study
counselors’ skills and language patterns to provide
feedback on interventions (Althoff et al., 2016;
Zhang et al., 2019; Pérez-Rosas et al., 2019). They
first separate counselings into two groups, high-
quality and low-quality counselings. Then, fea-
tures of counselors’ interventions, such as language
diversity, ability to handle ambiguity and make
progress, are analyzed. In the end, the general
patterns of the features of good counseling are re-
ported. Nonetheless, apart from the counselors’
interventions, the counseling, as a process of inter-
active communication, also includes clients’ reac-
tions (Avdi and Georgaca, 2007). Importantly, the
clients’ reactions towards counselors’ intervention
reflect the feedback on the effectiveness of the inter-
ventions (Ribeiro et al., 2013). Thus, to complete
the assessment of counselors’ interventions from
the client’s perspective and to provide feedback
for counselors, we are motivated to categorize the
clients’ reactions although identifying their reac-
tions in the psychological counseling is difficult,
even more so than categorizing counselors’ inter-
ventions (Lee et al., 2019; Sharma et al., 2020).

In this paper, we introduce a theoretically
grounded annotation framework to map each turn
of the conversation into counselors’ intentions and
their clients’ reactions. The framework is applied
to label a large-scale text-based Chinese counseling
dataset collected from an online welfare counseling
platform over the last two years.

Using the annotation, we analyze the associa-
tions between clients’ reactions and behaviors in
the counselling conversation and their assessment
of conversation effectiveness. We demonstrate that
the counselors’ different intentions and strategies
elicit different follow-up reactions and behaviors
from the clients. Following this analysis, we exam-
ine how counselors should adjust their strategies to
encourage clients’ positive behaviors based on dif-
ferent conversation stages and historical interaction
patterns. We also analyze how the counselors ad-
dress the clients’ behaviors that negatively impact
the conversation effectiveness. Along with the auto-
matic annotation classifiers we built, the findings of
above analyses would help develop user-centered
mental health support dialog systems.

2 Related Work

We mostly draw inspiration from conversational
analysis in NLP and psychotherapy.

Despite the abundance of NLP research relat-
ing to emotional chat (Zhou et al., 2018), emo-
tional support (Liu et al., 2021), and psycho-
counseling (Althoff et al., 2016), in most cases,
these studies are still in their infancy. Human-
human interaction patterns are rarely studied
due to the lack of large-scale conversational
datasets (Huang et al., 2020). Meanwhile, the main
research focus is either on proposing new datasets
or studying consultation skills.
Dataset for Mental Health Support. Because
of the sensitive nature of mental health data, most
of the available mental health support conversa-
tion corpora are collected from public general so-
cial networking sites or crowdsourcing (Sharma
et al., 2020; Harrigian et al., 2021; Sun et al.,
2021; Liu et al., 2021). The potential for un-
derstanding human-human interaction patterns is
limited with these single-turned or crowd-sourced
datasets. Althoff et al. (2016) propose a multi-
turn mental health counseling conversation corpus
collected from a text-based crisis intervention plat-
form, which is the best-related dataset up to now.
However, the length of conversation in (Althoff
et al., 2016) is shorter than ours (42 vs. 78 ut-
terances), and the analysis mostly focuses on the
counselors’ utterances. In contrast, we emphasize
the understanding and recognition of client reac-
tions, which could facilitate counselors to under-
stand the clients’ feedback of their interventions as
the psychological counselings proceed.
Understanding Mental Health Support Conver-
sations Using NLP. Many researchers have en-
deavored to employ machine learning and NLP
techniques to analyze mental health support con-
versations automatically, including modeling so-
cial factors in language that are important in the
counseling setting (Danescu-Niculescu-Mizil et al.,
2013; Pei and Jurgens, 2020; Sharma et al., 2021;
Hovy and Yang, 2021), behavioral codes (Tanana
et al., 2015; Pérez-Rosas et al., 2017; Park et al.,
2019a; Cao et al., 2019), predicting session- or
utterance-level quality (Gibson et al., 2016; Gold-
berg et al., 2020; Wu et al., 2021), and detecting
mental health problems (Asad et al., 2019; Xu et al.,
2020). However, these studies again mostly focus
on studying consultation skills. There are meth-
ods (Tanana et al., 2015; Pérez-Rosas et al., 2017)
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that try to classify clients’ responses but only limit
to a particular mental health support genre called
motivational interviewing, which has an existing
coding scheme with three classes for clients. Our
annotation scheme is not genre specific and has
more fine-grained analysis, and is more related to
research in psychotherapy.
Analysis of Conversation Outcome in Psy-
chotherapy Research. Different from NLP re-
search where most studies focus on the counselor
side, in psychotherapy research, the interactions
between counselors and clients are widely investi-
gated (Ribeiro et al., 2013; Norcross, 2010; Falken-
ström et al., 2014). The working alliance between
the counselor and clients is a crucial researched ele-
ment 2 (Norcross, 2010; Falkenström et al., 2014).
This is because the formation of working alliance
is arguably the most reliable predictor of counsel-
ing conversation outcomes (Ribeiro et al., 2013),
yet it is difficult for counselors to gauge accurately
during counselings. The scores of alliance rated
after each counseling from therapists “appear to
be independent of . . . alliance data obtained from
their patients” (Horvath and Greenberg, 1994). Ad-
ditionally, limited by the data resource and analy-
sis tools, most alliance analyses in psychotherapy
research are either in small sample size (Ribeiro
et al., 2013) with only a few sessions or in ses-
sion level (Hatcher, 1999). We instead conduct
a moment-by-moment analysis on a large-scale
dataset and pursue an automatic solution.

3 Annotation Framework

To understand interaction patterns between coun-
selors and clients in text-based counseling conver-
sations, we develop a novel framework to cate-
gorize the reactions and behaviors of clients as
well as the intentions and conversational strate-
gies of counselors (Figure 2). In collaboration
with experts in counseling psychology, we adapt
and synthesize the existing face-to-face counseling-
focused taxonomies, including Client Behavior
System (Hill et al., 1992), Therapeutic Collabo-
ration Coding Scheme (Ribeiro et al., 2013), Help-
ing Skills (Hill, 2009), and Client Resistance Cod-
ing Scheme (Chamberlain et al., 1984), to the on-
line text-only counseling conversation settings. We

2Working Alliance: "the alliance represents interactive,
collaborative elements of the relationship (i.e., therapist and
client abilities to engage in the tasks of therapy and to agree
on the targets of therapy) in the context of an affective bond
or positive attachment" (Constantino et al., 2002).

Figure 2: Overview of our proposed framework. It
contains the intentions and conversational strategies of
counselors, as well as the reactions and behaviors of
clients. The black arrow indicates the influence of coun-
selors’ intervention on clients’ reactions and behaviors.
The dashed gray arrow indicates that clients’ feedback
is regarded as signals for counselors to adjust intentions
and strategies in conversations.

have three developers 3 to carefully build the frame-
work, following the consensual qualitative research
method (Hill et al., 1997; Ribeiro et al., 2013; Park
et al., 2019b). The details of the framework devel-
opment process are shown in Appendix A.1. We
also compare our framework with existing annota-
tion frameworks in Appendix A.2.

3.1 Counselor Intentions and Conversational
Strategies

Counselor Intentions. Our taxonomy consists of
two key counselor intentions, Supporting and Chal-
lenging, providing an outlook of how counselors
orient the conversation flow (Ribeiro et al., 2013;
Zhang and Danescu-Niculescu-Mizil, 2020).

In a counseling conversation, the counselor
must focus on engaging with the client’s con-
cerns and providing an empathetic understand-
ing (Rogers, 1957; Hill and Nakayama, 2000).
However, overemphasizing the supportive strate-
gies might keep the client from progressing (Zhang
and Danescu-Niculescu-Mizil, 2020; Ribeiro et al.,
2013). To direct the conversation towards a pos-

3One is a Ph.D. in psychology and a State-Certificated
Class 3 Psycho-counselor with 3 years of experience; another
is a State-Certificated Class 2 Psycho-counselor with more
than 10 years of experience; and the last one is a doctoral
student majoring in computer science and the first author of
this paper.
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itive outcome that benefits clients, the counselor
should challenge and prompt the client to make
some changes (Mishara et al., 2007; Zhang and
Danescu-Niculescu-Mizil, 2020). By analyzing the
collected counseling conversations, we do find it
common for counselors to employ supportive and
challenging strategies alternatively in practice.
Conversational Strategies. Our taxonomy con-
tains eight Supporting and four Challenging fine-
grained conversational strategies. We present de-
tailed definitions and examples in Appendix A.3.

Counselors utilize various conversational strate-
gies to convey their intentions (Hill, 2009). To pro-
vide support, the counselors reflect on the contents
or feelings the client has shared to make the client
feel heard and understood (Restatement and Reflec-
tion of Feelings). The counselor also affirms the
client’s strengths or normalizes the client’s negative
emotions by expressing reassurance (Affirmation
and Reassurance). On the other hand, to prompt
the client to make progress, the counselor might
point out the client’s unreasonable beliefs (Con-
frontation) or encourage him or her to brainstorm
solutions (Invite to Explore New Actions).

Notably, our annotation framework captures
functional details of conversational strate-
gies (Ribeiro et al., 2013). For example, although
both Interpretation and Invite to Take New
Perspectives encourage clients to view life from
different angles, the way in which the insights are
provided differs. Interpretation strategy directly
provides a new meaning, reason, or explanation
to the client’s behavior, thought, or emotion from
the perspective beyond the client’s statement or
cognition. For example, "Comparing yourself to
others makes you feel unsatisfied with yourself.
But everyone’s growth has its timeline". While
Invite to Take New Perspectives strategy usually
guides the client to think from a new perspective
by asking questions. For example, "If your closest
friend heard your appeal, what do you think he
would say to you?"

3.2 Client Reactions and Behaviors

Client Reactions. The counselors’ interventions
elicit the clients’ reactions, which is an impor-
tant criterion for judging the effectiveness of coun-
selors’ previous interventions. The clients’ reac-
tions towards the counselors’ interventions can be
categorized as Positive or Negative as feedback of
whether they understand counselors’ purposes of

using specific intentions and strategies (Leiman
and Stiles, 2001; Hill, 2009; Ribeiro et al., 2013).
For example, when the counselor utilizes Affirma-
tion and Reassurance strategy to show empathy
to the client by saying, " You have a great insight
into yourself!", the client may experience being
understood and respond with confirmation by say-
ing, "Thank you for your accomplishment!"; or
the client may find the mere consolation is useless
in resolving the dilemma of the moment and then
express dissatisfaction with the counselor’s inter-
vention by saying "You always comfort me. But
is there any concrete advice or suggestions?". The
client’s negative reactions indicate that the coun-
selor intentions fail to achieve the intentions as
expected, indicating the counselor needs to adjust
strategies in the ensuing conversations (Thomas,
1983; Zhang and Danescu-Niculescu-Mizil, 2020;
Li et al., 2022).
Behaviors. Our taxonomy contains five and six
fine-grained behavior types for clients’ Positive
and Negative reactions, respectively. Detailed defi-
nitions are in Appendix A.4.

Clients react to the counselor’s interventions
through different behaviors. For example, when
the counselor provides a perspective different from
a client to help the client understand a distressing
experience (Interpretation), the client may express
approval (Confirming) or start introspection (Ex-
tending); on the contrary, the client may still insist
on individual inherent views and directly express
disagreement with what the counselor has said (De-
fending) or show disinterest in counselor’s words
implicitly by changing the topic (Changing Topics).

4 Data Collection

To validate the feasibility of our proposed frame-
work in the psychological counseling conversation,
we collect a large-scale counseling corpus and care-
fully annotate a subset of these conversations ac-
cording to the framework. Our dataset will be made
available for researchers who agree to follow ethi-
cal guidelines.

4.1 Data Source

We build an online mental health support platform
called Xinling to allow professional counselors to
provide each client with a free text-based counsel-
ing service of about 50 minutes each time, which
is a widely recognized basic time setting in psy-
chological counseling. After each conversation,
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clients are asked to report their clarity on the ap-
proaches to solve existing problems by rating the
conversations based on the following aspects: (1)
Awareness of the changes that can be made; (2)
New perspectives of looking at the problems; (3)
Confidence in the ways of coping with the prob-
lems; (4) Confidence in the conversations that can
lead to desirable outcomes. Clients’ self-reported
scores on these scales have been recognized as a
consistent and major positive indicator of effec-
tive counseling (Tracey and Kokotovic, 1989; Hill,
2009). Details of the post-survey are in Table 7
in Appendix B.1. We then collect counseling con-
versations between actual clients and experienced
counselors from this counseling platform.

In the end, we collect 2,382 conversation ses-
sions, 479 of which receive the self-reported scales
from the clients. To our knowledge, this is the
largest real-world counseling conversation corpus
in Mandarin. The statistics of all the collected
conversations are presented in Table 1. We ob-
serve that, on average, these conversations are
much longer than existing conversations collected
through crowdsourcing (78.49 utterances compared
to 29.8 utterances in ESConv (Liu et al., 2021)),
indicating that, in real scenarios, the professional
counseling conversations contain more turns of in-
teraction. Meanwhile, clients express longer ut-
terances than counselors (avg. 32.48 characters
compared to 24.11 characters) because clients need
to give details of their problems and are encour-
aged to express them in the conversations, while
counselors mainly act as listeners.

Category Total Counselor Client

# Dialogues 2,382 - -
# Dialogues with Scores 479 - -

# Speakers 848 40 808
# Utterances 186,972 93,851 93,121

Avg. utterances per dialogue 78.49 39.40 39.09
Avg. length per utterance 28.28 24.11 32.48

Table 1: Statistics of the overall conversations.

4.2 Annotation Process

We randomly annotate a subset of sessions (520
sessions) based on the proposed framework4. Pre-
vious research found it difficult to accurately iden-
tify counselors’ conversational skills (Lee et al.,

4Before annotation, we anonymize all the client’s personal
information, including name, organization, etc., to protect
their privacy.

2019; Sharma et al., 2020) and challenging to cat-
egorize clients’ behaviors due to the linguistic di-
versity (Lee et al., 2019). To ensure high-quality
labeling, we carefully select and train 12 annota-
tors offline. To further enhance inter-rater relia-
bility continuously, we design a novel training-in-
the-loop annotation process. The overall average
inter-rater agreement on labeling counselors’ and
clients’ utterances is 0.67 and 0.59, respectively,
validating the reliability of the data. Details about
the process of annotators selection and training
and the training-in-the-loop policy are displayed
in Appendix B. We use a free, open-source text
annotation platform called Doccano5 to annotate.

4.3 Data Characteristics

Table 2 shows the statistics of all the annotations,
including counselors’ intentions and strategies and
clients’ reactions and behaviors.

Categories Num Mean Length

C
ou

ns
el

or
s’

In
te

nt
io

ns
an

d
St

ra
te

gi
es Supporting 20608 16.80

Restatement 4553 24.54
Reflection of Feelings 729 20.08
Self-disclosure 122 34.5
Inquiring Subjective Information 5746 18.06
Inquiring Objective Information 2424 16.20
Affirmation and Reassurance 3279 17.99
Minimal Encouragement 3485 2.53
Answer 273 17.46

Challenging 5198 33.95
Interpretation 2209 36.30
Confrontation 141 26.27
Invite to Explore New Actions 2495 33.57
Invite to Take New Perspectives 353 25.02

Others 3593 17.57

Overall 29399 19.92

C
lie

nt
s’

R
ea

ct
io

ns
an

d
B

eh
av

io
rs

Positive 22136 32.72
Giving Information 15365 40.91
Confirming 3789 3.52
Reasonable Request 908 16.47
Extending 1904 32.52
Reformulation 170 33.12

Negative 753 18.65
Expressing Confusion 214 12.31
Defending 425 20.72
Self-criticism or Hopelessness 51 17.27
Changing Topics 20 26.55
Sarcastic Answer 32 18.53
Focus Disconnection 11 54.45

Others 3245 9.19

Overall 26134 29.40

Table 2: Statistics of all the annotations, including coun-
selors’ intentions and strategies and clients’ reactions
and behaviors.

Overall, counselors use about four times more
5https://github.com/doccano/doccano
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supporting than challenging strategies. The most
frequently used strategy is Inquiring Subjective In-
formation which helps counselors gain a deeper
understanding of clients’ cognitive and behavioral
patterns by exploring their subjective feelings,
thoughts, and reasons behind them. According to
challenging strategies, Confrontation is used much
less than Interpretation and Invite to Explore New
Actions. This phenomenon is in line with the exist-
ing theory of helping skills in supportive conversa-
tions (Hill, 2009) that Confrontation should be used
with caution because directly pointing out clients’
incorrect beliefs or inconsistencies in conversations
is likely to damage the relationship between coun-
selors and clients.

As for clients’ reactions and behaviors, clients’
Positive reactions towards counselors’ interven-
tions are significantly more than the Negative ones,
demonstrating an overall high quality of the col-
lected counseling conversations. The most frequent
behavior is Giving Information, which corresponds
to the amount of counselors’ strategy Inquiring
Subjective and Objective Information, the clients
provide the information that the counselors ask for.
Besides, Defending is the most common negative
behavior, reflecting that counselors try to get clients
to change their perspectives or behaviors during
conversations. Still, clients feel hard to follow and
therefore defend and insist on their original cogni-
tive and behavioral patterns. Some more extreme
behaviors, such as Self-criticism or Hopelessness,
rarely occurs, hence post difficulties for us to un-
derstand these behaviors and build good classifiers
on them.

5 Application to Online Counseling

To illustrate how the proposed framework can be
used to monitor and improve the effectiveness of
conversations, we conduct the following analyses:

First, we demonstrate clients’ positive and nega-
tive reactions and behaviors affect the final counsel-
ing effectiveness (Section 5.1). We then show how
clients react to counselors’ intentions and strategies
(Section 5.2). Based on these findings, we inves-
tigate how counselors can adjust their strategies
accordingly to make entire conversations more ef-
fective (Section 5.3). Finally, we build a baseline
model for automatically labeling each counseling
strategy and client behavior (Section 5.4).

5.1 How Client Reactions Indicates
Counseling Effectiveness

To derive a simple conversation-level measurement,
we calculate the proportion of each reaction or be-
havior over all the client messages in a conversa-
tion. We use the client’s perceived total score on
the post-conversation survey as an effectiveness
indicator.

Reactions The relationship between the distribu-
tion of negative reaction types and client-rated con-
versation effectiveness is analyzed by Pearson Cor-
relation Analysis (Lee Rodgers and Nicewander,
1988). The results show that the proportion of the
clients’ negative reactions and the conversation ef-
fectiveness correlate negatively with correlation co-
efficient ρ = −0.2080 and p-value p = 1.7591e−5.
Specifically, when clients have more Negative reac-
tions to counselors’ interventions, they give a lower
score of conversation effectiveness (see Figure 3).
The findings echo the definition of clients’ Nega-
tive reaction types, which place a negative impact
on the effectiveness of counseling conversations.

Figure 3: The scatter plot of clients’ negative reactions
and their perceived conversation-level scores (the blue
points) with the best-fit line (the orange line).

Behaviors In order to find out the behaviors that
influence conversation effectiveness the most, we
fit a lasso model with the proportion of the client’s
each behavior type as independent variables and
the scores of conversation effectiveness as the de-
pendent variable. In the end, we find that the most
influential positive and negative behaviors are Ex-
tending and Defending (Detailed results of the im-
portance of each behavior are in Appendix D.2),
respectively. which is in line with the fact that coun-
seling conversations are more likely to be effective
when clients perceive themselves in a new way or
experience changes in their behaviors, thoughts, or
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feelings but to be less effective when clients de-
fend their mistaken belief (Hill et al., 1992; Ribeiro
et al., 2013).

To further understand the effect of negative be-
haviors on conversation effectiveness, the average
score of the conversations with at least one negative
behavior is calculated, which is 15.79, a drop of
about 2% from the overall average score (Table 3).
The results again indicate that clients’ negative be-
haviors harm conversation effectiveness. Notably,
Defending happens in most of the sessions that
have negative behaviors. The overall low scores
with defending behavior indicate that the conversa-
tion effectiveness is damaged when the clients start
to defend and insist on their original beliefs. Al-
though other negative behaviors such as Changing
Topics have lower overall scores, they happen in
fewer sessions and are less influential in our dataset.
Once we have enough data for these categories, we
expect their importance to become more apparent.

Categories Avg. Score # Sessions

Changing Topics 14.57 14
Sarcastic Answer 14.40 10
Focus Disconnection 13.25 4
Defending 15.46 175
Self-criticism or Hopelessness 14.04 24
Expressing Confusion 16.05 127

All Conversations 16.14 419
Conversations with Negative Behaviors 15.79 239

Table 3: The effect of the occurrence of each negative
behavior on the conversation effectiveness.

5.2 Similar Counseling Strategies Leads to
Similar Client Reactions

The clients react and behave differently towards
counselors’ different strategies. We find that coun-
selors’ strategies with the same intention lead to
similar clients’ behaviors. Specifically, strategies
belonging to Challenging result in a larger propor-
tion of clients’ follow-up Negative behaviors than
those belonging to Supporting (4.77% vs. 2.87%).
The findings verify the rationality of categorizing
the counselors’ strategies into Supporting and Chal-
lenging. The detailed analysis is shown in Ap-
pendix D.3.

We then explore the influence of the counselors’
strategies of Supporting and Challenging on clients’
Extending and Defending behaviors as these are the
most important ones according to the above analy-
sis. As shown in Figure 4, compared with the Sup-
porting, the Challenging brings a higher proportion

of the clients’ Extending behaviors. Meanwhile,
Challenging makes the clients Defending as well.
Therefore, to improve the conversation effective-
ness, the appropriate utilization of the counselors’
Challenging strategies is important, and we will
analyze it in the following section.

Figure 4: The distribution of clients’ Extending and
Defending behaviors after the counselors’ Supporting
and Challenging strategies.

5.3 Appropriate Strategy Utilization

To explore how counselors utilize Challenging ap-
propriately to make clients behave as Extending,
rather than Defending. We focus on two factors that
influence the effectiveness of strategies: conversa-
tion stages and interaction patterns in the conversa-
tion history between counselors and clients(Althoff
et al., 2016).
Conversation Stages. Each conversation is divided
uniformly into five stages, and the distribution of
clients’ certain behaviors after counselors’ Chal-
lenging at each stage is computed. Due to the high
proportion of content in the first and last stages
(18.70% and 33.86%) being irrelevant to counsel-
ing topics (labeled as Others), only the content in
the middle three stages are analyzed. As shown
in Figure 5, the counselors utilize more and more
challenging as the conversations progress. Mean-
while, both Extending and Defending increase
when clients face counselors’ Challenging. Since
Extending is overall more common than Defending,
this phenomenon suggests that counselors adopt
Challenging step by step within a counseling ses-
sion. We will leave the cross-section analysis in
future work.
Counselor-Client Preceding Interaction Pat-
terns. The counselor-client preceding interaction
is defined as the pair of the counselors’ Support-
ing or Challenging and the clients’ following-up
Positive or Negative reactions. We fit a logistic
regression classifier to study how these preceding
interaction patterns affect the Extending and De-
fending behaviors when facing a Challenging strat-
egy. The overall classification accuracy is around
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Figure 5: The distribution of clients’ Extending and De-
fending reactions after counselors’ Challenging strategy
at different stages. The sky-blue line presents the pro-
portion of Challenging strategy utilized in each stage.

80%, but we care more about the fitted coefficients,
shown in Table 4. As can be seen, if the clients
reacted positively to the counselors’ Challenging
before, the probability of the clients’ Extending
reactions increase when the counselors intervene
with Challenging again, and vice versa. In other
words, if counselors detect negative reactions from
their clients, especially because of their supporting
strategy, they should address those issues before
launching into challenging strategies. In the event
that they challenge their clients and receive posi-
tive reactions, they can continue to use the same
strategy.

Interaction Patterns Coefficients

Supporting - Positive 1.3041***
Supporting - Negative -9.0643***
Challenging - Positive 3.7189***
Challenging - Negative -7.3665***

Table 4: Associations between the counselor-client in-
teraction patterns in preceding conversations and clients’
current behaviors in response to counselors’ Challeng-
ing interventions. ***p <0.001. The coefficients are
from a logistic regression predicting the probability that
the clients behave as Extending rather than Defending.

5.4 Baseline Classifiers for Automatic Label
Prediction

To facilitate counselors guessing their clients’
states, we train classifiers to categorize counselors’
intentions and strategies and identify clients’ reac-
tions and behaviors based on a pre-trained Chinese
RoBERTa-large model (Cui et al., 2020). Each task
assigns a label to each sentence in a long utterance,
utilizing conversation history as the context. To

improve the domain adaption of pre-trained mod-
els (Gururangan et al., 2020; Sharma et al., 2020),
we perform the masked language modeling (MLM)
task on all the collected conversations and then
jointly train each classification task on the anno-
tated data with the MLM as an auxiliary task. More
experimental details are shown in Appendix C.1.

As shown in Table 5, the test set of four tasks.
The model’s performance in categorizing coun-
selors’ intentions and strategies is better than iden-
tifying clients’ reactions and behaviors. The over-
all performance on identifying clients’ reactions is
limited by Negative reactions (F1-value = 34.78%).
The results indicate that clients’ reactions are dif-
ficult to identify, especially the negative behav-
iors (Lee et al., 2019; Cao et al., 2019).

The major error in predicting clients’ behaviors
comes from the confusing Reformulating with Ex-
tending. In both cases, the client is making changes,
but the former changes more deeply. Besides, De-
fending is hard to identify due to clients’ diverse
expressions of resistance. Clients may defend them-
selves by expressing different opinions from coun-
selors rather than directly denying them, which is
difficult for the model to recognize. More detailed
classification results are in Appendix C.2.

Task Acc. Precision Recall Macro-F1

Intentions 0.90250.0030 0.88210.0046 0.84460.0045 0.86120.0040
Strategies 0.81030.0035 0.73170.0236 0.65330.0082 0.67910.0074

Reactions 0.94900.0016 0.77620.0163 0.69770.0167 0.72140.0138
Behaviors 0.85970.0018 0.58150.0273 0.51900.0140 0.53540.0155

Table 5: The overall results of the test set of four tasks:
categorizing counselors’ intentions and strategies, and
clients’ reactions and behaviors (Due to the scarce num-
ber of Changing Topics, Sarcastic Answer and Focus
Disconnection, we filter out these samples when build-
ing classifiers). We report averages across five random
seeds, with standard deviations as subscripts.

6 Conclusion

We develop a theoretical-grounded annotation
framework to understand counselors’ strategies
and clients’ behaviors in counseling conversations.
Based on a large-scale and high-quality text-based
counseling dataset we collected over the past two
years, we validate the plausibility of our framework.
With the labeled data, we also find that clients’ pos-
itive reactions boost their ratings of counseling ef-
fectiveness, but negative reactions undermine them.
Meanwhile, clients are more likely to extend after
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counselor challenge their beliefs. Moreover, our
automatic annotation models indicate that clients’
reactions and behaviors are more difficult to pre-
dict than counselors’ intentions and strategies. Due
to the complexity of the data and the lack of la-
beled data for rare cases, our analysis is relatively
shallow. We analyze the weakness of our work in
section 7 and will dig deeper into each interaction
pattern once we have more data.

7 Limitations

As this is the first large-scale analysis of client re-
actions in online mental health counseling, there is
huge room for future improvement. Here we only
list a few problems that we would like to address
in the short future. First, although our annotation
framework is comprehensive, the data labeled is
quite imbalanced. In some rare classes, there are
fewer than 50 instances, making it difficult to con-
duct an in-depth analysis, let alone train an accurate
classifier. Therefore, our analysis mostly focuses
on the Extending and Defending behaviors. We
will label more data so that rare cases can be bet-
ter understood and classified more accurately. The
accuracy of a classifier is important for real-life
applications because it has the potential to mis-
lead counselors. Second, we only have one short
post-survey, which limits our coarse-scale analy-
sis. We are adding more and richer post-surveys.
Third, while we hope that the lessons learned can
be applied to everyday conversations, our analysis
has only been limited to psycho-counseling. The
lessons learned will be tested against a wider range
of use cases. It is important, however, not to over-
generalize our findings as this may harm the nat-
uralness of our daily conversations. After all, the
psycho-counseling process is a very special type of
conversation.
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A Annotation Framework

A.1 Framework Development Process

We have three main taxonomy developers (two are
experienced with clinical and emotional support,
and one is the first author) to develop the frame-
work, following the consensual qualitative research
method (Hill et al., 1997; Ribeiro et al., 2013; Park

et al., 2019b). Here, we describe the detailed devel-
oping process for the counselor’s taxonomy as an
example.

Firstly, based on existing taxonomies (Ribeiro
et al., 2013; Hill, 2009), we filter those categories
that are not appropriate for the text-only conversa-
tion settings (e.g., silence, head nods) and create
the first version of taxonomy and annotation guide-
line. Secondly, we randomly select 6-10 conversa-
tions and ask all the taxonomy developers to anno-
tate them independently. After the annotation, the
developers discuss the differences and confusions
among their annotations until reaching a consen-
sus. During this process, they may add, merge or
delete certain categories and refine the annotation
guideline. We repeat the above step two for five
times to obtain the final version of the taxonomy
and guideline, including detailed definitions and
examples. The Fleiss kappa values (Fleiss, 1971)
among the three taxonomy developers in the five
iterations are as follows: 0.6255, 0.6721, 0.6819,
0.7085, and 0.7233. The monotonically increasing
agreement proves that the iterative process effec-
tively resolves differences among developers. And
the substantial agreement ensures the reliability
of our taxonomy. During the whole process, we
annotate 30 conversations.

A.2 Comparison with Existing Frameworks

We compare our proposed framework with existing
annotation frameworks for analyzing dialogue acts
of participants in the counseling conversations (see
Table 6). Much research has mostly focused on
studying counselors’ strategies, such as CCU (Lee
et al., 2019) and ESC (Liu et al., 2021). Specifi-
cally, the ESC framework proposes 7 counselors’
support strategies based on three counseling stages.
Different from ESC, our framework contains a
more comprehensive and finer-grained classifica-
tion (12 strategies) of counselors’ skills based on
their intentions. There are methods that attempt
to classify clients’ responses (Park et al., 2019b;
Tanana et al., 2015; Pérez-Rosas et al., 2017). Park
et al. (2019b) build a novel Categorization scheme
of Client Utterances (CCU) with 5 categories. Such
a scheme does not contain clients’ immediate feed-
back on counselors’ interventions, especially the
negative one, limiting its role in helping counselors
adjust their strategies and evaluating counseling
effectiveness. In (Tanana et al., 2015; Pérez-Rosas
et al., 2017), researchers conduct categorization
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on both counselor and client sides based on MISC
framework, but they are only limited to a particular
mental health support genre called motivational in-
terviewing. Our annotation framework is not genre
specific and has more fine-grained analysis.

Framework Categorization Not
Genre-SpecificCounselor Client

CCU
(Park et al., 2019b)

✓ ✓

TCA
(Lee et al., 2019)

✓ ✓

ESC
(Liu et al., 2021)

✓ ✓

MISC
(Tanana et al., 2015)

(Pérez-Rosas et al., 2017)
✓ ✓

Our Framework ✓ ✓ ✓

Table 6: A comparison of our proposed framework with
other existing annotation frameworks.

A.3 Definitions of Strategies

Restatement. The counselor reflects the content
and meaning expressed in the client’s statements in
order to obtain explicit or implicit feedback from
the client.
Reflection of Feelings. The counselor uses tenta-
tive or affirmative sentence patterns to explicitly
reflect the client’s mood, feelings, or emotional
states.
Self-disclosure. The counselor discloses personal
information to the client, including but not limited
to the counselor’s own similar experiences, feel-
ings, behaviors, thoughts, etc.
Inquiring Subjective Information. The counselor
explores the client’s subjective experience, includ-
ing thoughts, feelings, states, the purpose of doing
something, etc.
Inquiring Objective Information. The counselor
asks the client to concretize the imprecise factual
information, including details of events, basic in-
formation about the client, etc.
Affirmation and Reassurance. The counselor af-
firms the client’s strengths, motivations, and abili-
ties, and normalizes the client’s emotions and moti-
vations, and provides comfort, encouragement, and
reinforcement.
Minimal Encouragement. The counselor offers
minimal encouragement to the client in an affir-
mative or questioning manner, encouraging the
counselor to continue talking and facilitating the
conversation.

Answer. The counselor answers the questions that
the client asks about the conversation topics.
Interpretation. The counselor gives a new mean-
ing, reason, and explanation to the behaviors,
thoughts, or emotions of the client from a perspec-
tive beyond the client’s statements or cognition,
and tries to make the client look at problems from
a new perspective.
Confrontation. The counselor points out the
client’s maladaptive beliefs and ideas, inconsisten-
cies in the statements, or contradictions that the
client is unaware of or unwilling to change.
Invite to Take New Perspectives. The counselor
invites the client to use an alternative perspective
to understand the given experience.
Invite to Explore New Actions. The counselor
asks questions to guide the client to think and ex-
plore how to take new actions or invites the client
to act in different ways during or after the conver-
sation.

A.4 Definitions of Behaviors

Confirming. The client understands or agrees with
what the counselor has said.
Giving Information. The client provides informa-
tion according to the specific request of the coun-
selor.
Reasonable Request. The client attempts to obtain
clarification, understanding, information, or advice
and opinions from the counselor.
Extending. The client not only agrees to the coun-
selor’s intervention, but also provides a more in-
depth description of the topic being discussed, in-
cluding the client’s analysis, discussion, or reflec-
tion on his or her original cognition, thoughts, or
behaviors.
Reformulating. The client responds to and intro-
spects the counselor’s intervention while proposing
his or her own perspectives, directions of thinking,
or new behavioral patterns on current issues.
Expressing Confusion. The client expresses con-
fusion or incomprehension of the counselor’s inter-
vention or directly states that he or she has no way
to answer or respond to the questions or interven-
tions raised by the counselor.
Defending. The client is stubborn about an experi-
ence, glorifies or makes unreasonable justifications
for his or her own views, thoughts, feelings, or be-
haviors, and insists on seeing the experience from
the original perspective.
Self-criticism or Hopelessness. The client falls
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into self-criticism or self-reproach, is engulfed in a
state of desperation and expresses his or her inabil-
ity to make changes.
Shifting Topics. Faced with the intervention of the
counselor, the client’s reply does not postpone the
previous issue, but shifts to other issues.
Focus Disconnection. The client disengages from
what the counselor is discussing, focuses on stat-
ing issues of interest, and does not respond to the
counselor’s intervention.
Sarcastic Answer. The client expresses dissatisfac-
tion with the counselor, and questions or ridicules
the counselor’s intervention.

B Annotation Process

B.1 Post-survey Scales

To facilitate readers understand clients’ self-report
results of counseling conversations in our data, we
present the questions of the assessment in Table 7.
For each question, clients are required to choose
only one from the following five options: seldom,
sometimes, often, very often, and always, repre-
senting 1 to 5 points, respectively.

No. Questions

1
As a result of this session, I am clearer as to how I
might be able to change.

2
What I am doing in the counseling gives me new
ways of looking at my problem.

3
I feel that the things I do in the counseling will help
me to accomplish the changes that I want.

4
I believe the way we are working with my problem
is correct.

Table 7: Questions of assessment after the counseling

B.2 Annotators Selection and Training

Annotators Selection and Training. We select 30
candidates out of more than 100 applicants who are
at least undergraduate in psychology or with prac-
tical experience in counseling to attend an offline
interview. During the interview, all the candidates
are asked to learn the annotation guideline and then
take three exams. Each exam consists of 50~60 con-
versation snippets. For each snippet, candidates are
required to annotate the last utterance. After each
exam, we provide the candidates the annotations
to which they assigned incorrect labels in the exam
and the corresponding correct labels to help them
better understand the guideline. After the interview,
the top 12 candidates with the highest average accu-
racy on the three exams become the final annotators.

The highest and lowest accuracies are 72.07% and
64.01%, respectively (refer to Table 8 for more de-
tails). We then conduct two-day offline training for
these qualified annotators. During training, all the
annotators first annotate three conversations simul-
taneously (305 utterances), which have a ground
truth labeled by our psychological experts. Then,
the annotators analyze the utterances mislabeled in
group meetings.

Annotator
ID Exam1 Exam2 Exam3 Avg.

1 0.6914 0.7582 0.7126 0.72080.0279
2 0.6420 0.7692 0.7356 0.71560.0538
3 0.6790 0.7692 0.6552 0.70110.0491
4 0.5679 0.7802 0.7356 0.69460.0914
5 0.6296 0.7033 0.7356 0.68950.0444
6 0.6173 0.7253 0.7241 0.68890.0506
7 0.6296 0.6923 0.7356 0.68590.0435
8 0.6790 0.7143 0.6552 0.68280.0243
9 0.7161 0.6593 0.6667 0.68070.0252
10 0.5679 0.7142 0.7356 0.67260.0745
11 0.5679 0.7143 0.6782 0.65350.0623
12 0.6296 0.6813 0.6092 0.64010.0304

Table 8: The results of each and average accuracy of the
selected top twelve annotators in the three exams, with
standard deviations as subscripts in the last column.

Training in the Loop. To further improve the inter-
annotator agreement and annotation accuracy, we
design the annotation process into six annotation
and training stages. In the annotation stage, anno-
tators are asked to record the utterances difficult
to label (confusion samples). In the training stage,
the psychological experts train each annotator after
reviewing the confusing samples (618 samples) in
a questions-and-answers document. As shown in
Figure 6, the average agreement of the latter stages
is higher than the former stages, indicating that the
training-in-the-loop policy is effective.

B.3 Data Quality Control

We randomly assign each conversation to three or
more annotators and ask them to annotate based
on counselors’ fine-grained conversational skills
and clients’ behavior types at the sentence level.
Once obtaining the annotated data, we calculate
the Fleiss’ kappa (Fleiss, 1971) among multiple
annotators in each conversation, which measures
the proportion of agreement over and above the
agreement expected by chance instead of measur-
ing the overall proportion of agreement. For Fleiss’
kappa, 0.61∼0.80 is indicated as substantial agree-
ment. Considering the task demand that we have 12
annotators who annotated 13 and 12 categories of
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Figure 6: Agreement among annotators on labeling
counselors and clients’ utterances in each annotation
stage.

counselors’ strategies and clients’ behaviors and re-
ality of time, we take the substantial level of agree-
ment. Finally, the average inter-rater agreement
on labeling counselors’ and clients’ utterances is
0.67 and 0.59 respectively, validating the reliability
of the data. And we find that human annotators
struggle with some specific categories, such as In-
terpretation versus Invite to Take New Actions in
counselors’ strategies, Extending versus Reformu-
lation in clients’ behaviors, etc. We then utilize
a majority vote method to obtain the final labels.
For those samples that haven’t been labeled by the
above method process, we randomly assign them
to three or more annotators until we get a majority
vote. Overall, we find that compared to annotat-
ing counselors’ conversational skills, identifying
clients’ reactions and behaviors is more difficult
because they do not act within theoretical frame-
works (Lee et al., 2019).

C Automatic Prediction

C.1 Experimental Details
Data Preparation Tasks for both speakers share
the same data preparation process. We randomly
split the annotated data into a training set (70%),
validation set (15%), and test set (15%). Note in the
split, all utterances in a conversation are assigned
to the same set.

Experimental Settings All the models are im-
plemented with PyTorch deep learning pack-
age (Paszke et al., 2017). To make the pretrained
model aware of the speaker’s information in con-
versation, we adopt a simple, special tokens strat-
egy by prefixing a special token [SP] or [SK] to

each utterance from counselors or clients, respec-
tively. The masking probability in the MLM task
is set to 0.15 in the both domain post-training and
fine-tuning process. In the fine-turning stage, we
initialize weights of feed-forward layers with nor-
mal distribution. We set the training epoch as ten
and select the model that achieves the best macro-
F1 value on the validation set to test on the test set.
For both training processes, we adopt cross-entropy
loss as the default classification loss. And we use
Adam optimizer to train the network with momen-
tum values [β1, β2] = [0.9, 0.999]. The learning
rate is initialized to 5e − 5 and decayed by using
the linear scheduler. The batch size in the training
stage is 8. The domain post-training experiment
is performed on four NVIDIA A100 GPU, and all
the fine-tuning experiments are performed on one
NVIDIA A100 GPU. Each fine-tuning experiment
costs about 80 minutes.

C.2 Experimental Results

Table 9 shows detailed experimental results about
precision, recall and macro-f1 for each category
in predicting counselors’ intentions and strategies,
and clients’ reactions and behaviors.

Task Categories Precision Recall Macro-f1

Intentions
Supporting 0.9194 0.8146 0.9208
Challenging 0.9578 0.6902 0.8940

Others 0.9382 0.7473 0.9072

Strategies

Restatement 0.719 0.8891 0.795
Reflection of Feelings 0.7955 0.5882 0.6763

Self-disclosure 0.5714 0.5714 0.5714
Inquiring Subj. Info. 0.8447 0.8671 0.8558
Inquiring Obj. Info. 0.8248 0.75 0.7856

Affirmation & Reassurance 0.8055 0.76 0.7821
Minimal Encouragement 0.9518 0.9478 0.9498

Answer 0.6522 0.4286 0.5172
Interpretation 0.664 0.5773 0.6176
Confrontation 0.6667 0.2222 0.3333

Invite to Explore New Actions 0.7717 0.7899 0.7807
Invite to Take New Perspectives 0.3824 0.2766 0.321

Others 0.9342 0.9148 0.9244

Reactions
Positive 0.9642 0.9757 0.9699
Negative 0.459 0.28 0.3478
Others 0.9002 0.9043 0.9023

Behaviors

Giving Information 0.8952 0.9263 0.9105
Confirming 0.8881 0.9237 0.9055

Reasonable Request 0.8468 0.8268 0.8367
Extending 0.4384 0.3546 0.3921

Reformulating 0.1 0.0345 0.0513
Expressing Confusion 0.4545 0.4545 0.4545

Defending 0.2963 0.1569 0.2051
Self-criticism or Hopelessness 0.75 0.2308 0.3529

Others 0.9036 0.918 0.9107

Table 9: The RoBERTa classification result for each
category in four tasks, including predicting counselors’
intentions, strategies and clients’ reactions and behav-
iors.
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D Application to Counseling

D.1 Correlation Between Clients’ Reactions
and Conversation Outcomes

We group all conversations according to the pro-
portion of the clients’ Negative reactions contained
in the conversations, ensuring that the number of
conversations in each group is almost the same
(except for the first group). We then calculate the
mean and standard deviation of the clients’ self-
reported conversation-level scores in each group.
The results are shown in Table 10.

Group Ratio Span # Session Score

1 0.000 ∼ 0.012 181 16.623.62
2 0.012 ∼ 0.024 37 16.763.60
3 0.024 ∼ 0.036 47 16.813.72
4 0.036 ∼ 0.048 39 16.333.65
5 0.048 ∼ 0.060 35 15.743.19
6 0.060 ∼ 0.096 42 14.744.48
7 0.096 ∼ 0.240 38 14.165.07

Table 10: Grouped conversations according to the ratio
of clients’ Negative reactions included. The last column
shows the average scores of conversations in each group,
with standard deviations as subscripts.

D.2 Which behavior influences conversation
effectiveness the most?

# Variables Confirming
Giving

Information
Reasonable

Request
Extending Reformulating

Expressing
Confusion

Defending
Self-criticism

or
Hopelessness

Shifting
Topics

Focus
Disconnection

Sarcastic
Answer

9 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
7 ✓ ✓ ✓ ✓ ✓ ✓ ✓
6 ✓ ✓ ✓ ✓ ✓ ✓
5 ✓ ✓ ✓ ✓ ✓
3 ✓ ✓ ✓
2 ✓ ✓
1 ✓

Table 11: Behavior types selected as important indepen-
dent variables that affect clients’ self-reported evalua-
tion of conversation effectiveness by Lasso model, as
the coefficient of L1 regularization uniformly increases
from 0.001 to 0.1.

D.3 Clients Reactions and Behaviors towards
Counselors’ Strategies

Figure 7 shows clients’ follow-up behavior distri-
bution after the counselor’s every strategy in the
overall conversations, where the behavior distribu-
tion refers to the proportion of the clients’ each im-
mediate behavior type. We find that compared with
using strategies with Supporting intention, coun-
selors’ utilization of Challenging strategies is more
likely to lead to clients’ Negative behaviors.

We then measure the similarity of the impact
of counselors’ each strategy on clients’ behav-
iors by calculating the Euclidean distance between

clients’ follow-up behavior distribution after differ-
ent strategies (see Table 12).
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Figure 7: The clients’ behaviors distribution after the counselors’ each strategy in the overall conversations.

Restatement Reflection
of Feelings Self-disclosure Inquiring

Subj. Info.
Inquiring
Obj. Info.

Minimal
Encouragement

Affirmation
& Reassurance Answer Supporting Interpretation Confrontation Invite to Explore

New Actions
Invite to Take

New Perspectives Challenging

Restatement 0.0000 0.0452 0.1690 0.3069 0.3337 0.1994 0.1359 0.2381 0.204 0.2691 0.3854 0.3626 0.5131 0.3825
Reflection of Feelings 0.0452 0.0000 0.1724 0.2665 0.2928 0.1648 0.1354 0.2518 0.1898 0.2887 0.3854 0.3896 0.5184 0.3955
Self-disclosure 0.1690 0.1724 0.0000 0.3369 0.3833 0.2043 0.0630 0.1076 0.2052 0.1777 0.2585 0.2767 0.4097 0.2807
Inquiring Subjective Information 0.3069 0.2665 0.3369 0.0000 0.0582 0.1398 0.2932 0.4122 0.2591 0.4847 0.5057 0.5930 0.6073 0.5477
Inquiring Objective Information 0.3337 0.2928 0.3833 0.0582 0.0000 0.1877 0.3388 0.4593 0.2934 0.5285 0.5532 0.6380 0.6551 0.5937
Minimal Encouragement 0.1994 0.1648 0.2043 0.1398 0.1877 0.0000 0.1585 0.2800 0.1907 0.3472 0.3882 0.4540 0.4926 0.4205
Affirmation and Reassurance 0.1359 0.1354 0.0630 0.2932 0.3388 0.1585 0.0000 0.1449 0.1814 0.2148 0.3020 0.3130 0.4289 0.3147
Answer 0.2381 0.2518 0.1076 0.4122 0.4593 0.2800 0.1449 0.0000 0.2706 0.1591 0.2688 0.2303 0.3917 0.2625

Interpretation 0.2691 0.2887 0.1777 0.4847 0.5285 0.3472 0.2148 0.1591 0.3087 0.0000 0.1921 0.1175 0.3071 0.2056
Confrontation 0.3854 0.3854 0.2585 0.5057 0.5532 0.3882 0.3020 0.2688 0.3809 0.1921 0.0000 0.2512 0.2661 0.2365
Invite to Explore New Actions 0.3626 0.3896 0.2767 0.5930 0.6380 0.4540 0.3130 0.2303 0.4071 0.1175 0.2512 0.0000 0.3107 0.2265
Invite to Take New Perspectives 0.5131 0.5184 0.4097 0.6073 0.6551 0.4926 0.4289 0.3917 0.5021 0.3071 0.2661 0.3107 0.0000 0.2946

Table 12: The Euclidean distance between each strategy’s follow-up behavior distribution. The columns of
Supporting and Challenging show the average distance of the follow-up behavior distribution between each strategy
and all the other strategies belonging to the corresponding intention, where the lower average distance values are
bolded.
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