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Background: Effective psychotherapy should satisfy the client, but that satisfaction

depends on many factors. We do not fully understand the factors that affect client

satisfaction with psychotherapy and how these factors synergistically affect a client’s

psychotherapy experience.

Aims: This study aims to use machine learning to predict Chinese clients’ satisfaction

with psychotherapy and analyze potential outcome contributors.

Methods: In this cross-sectional investigation, a self-compiled online questionnaire

was delivered through the WeChat app. The information of 791 participants who

had received psychotherapy was used in the study. A series of features, for

example, the participants’ demographic features and psychotherapy-related features,

were chosen to distinguish between participants satisfied and dissatisfied with

the psychotherapy they received. With our dataset, we trained seven supervised

machine-learning-based algorithms to implement prediction models.

Results: Among the 791 participants, 619 (78.3%) reported being satisfied with

the psychotherapy sessions that they received. The occupation of the clients,

the location of psychotherapy, and the form of access to psychotherapy are the

three most recognizable features that determined whether clients are satisfied with

psychotherapy. The machine-learning model based on the CatBoost achieved the

highest prediction performance in classifying satisfied and psychotherapy clients with

an F1 score of 0.758.

Conclusion: This study clarified the factors related to clients’ satisfaction with

psychotherapy, and the machine-learning-based classifier accurately distinguished

clients who were satisfied or unsatisfied with psychotherapy. These results will help

provide better psychotherapy strategies for specific clients, so they may achieve

better therapeutic outcomes.
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Introduction

Psychotherapy is regarded as an approach in which professionally
trained clinicians inspire and facilitate changes in the perspectives,
emotions, and behaviors of clients using guided conversations and
special techniques (1). To date, psychotherapy has proven effective
for clients or patients with various clinical complaints, such as
depression, anxiety, obsessive-compulsive disorder, alcohol abuse,
personality disorder, and children’s mental health complaints (2, 3).
However, previous studies have indicated that not all clients were
satisfied with psychotherapy, and many factors may influence clients’
responses to psychotherapy (4, 5).

Ignoring the factors affecting client’s satisfaction with
psychotherapy may generate many problems. For example, some
clients with special complaints, certain ages or occupations, specific
education levels, or economic conditions may not be suitable for
certain types of psychotherapy (6). The lack of target clients, clinical
complaints and theoretically therapy-oriented practices may lead
to excessive energy consumption for clients and practitioners (7).
Therefore, research that clarifies factors predicting client response
to psychotherapy may contribute significantly to the design and
improvement in clinicians’ daily interventions. It may potentially
reduce the time and economic costs related to psychotherapy for
both clinicians and clients (5, 7).

Previously, efforts to predict clients’ responses to psychotherapy
have focused on theoretically motivated variables that may influence
therapeutic outcomes. In general, the variables contributing to good
therapy response can be grouped into five categories. First, previous
research has suggested a significant link of client’s satisfaction with
strong, supportive, trustworthy, and collaborative therapist-client
alliance (5, 6, 8, 9). Second, previous studies implied that settings
of psychotherapy, including more efficient registration procedures,
appropriate appointment times and venues, involvement of family
members, moderate frequency of interviews, and appropriate session
durations, were related to better results in psychotherapy (8, 10,
11). Third, associations between client satisfaction and personality
traits and professional competence of therapists have also been
demonstrated in previous studies. Therapist factors that positively
affect the clients’ psychotherapy experience include the therapist’s
patience, affinity, enthusiasm, humor, meticulousness, authenticity,
professional sensitivity, ability to sort out complex information,
empathy, theoretical interpretation, training background of
psychiatry, psychoanalytic investigation ability, and facilitative
interpersonal skills (5, 8, 12, 13). Fourth, previous research implied
that some pretreatment patient characteristics, such as client
preferences, severe mental symptoms, depression with less comorbid
anxiety, middle age, and unwillingness to accept psychotherapy and
medication, were correlated with poorer therapy outcomes (5, 6,
14–16). Fifth, therapy theoretical orientations, strategies, and skills
have also been found to be important factors affecting therapeutic
outcomes, although conclusions have varied across different studies.
Regarding the theoretical orientation of psychotherapy, previous
research implied that clients accepting psychodynamic therapy
reported more experience with side effects than other treatments,
such as family (systemic) therapy, humanistic psychotherapy, and
cognitive behavioral therapy (CBT) (17, 18). Concerning therapy
skills, in family and psychodynamic therapy, therapeutic techniques
and strategies that have shown to be helpful include circular
questioning, genograms, homework, visualization techniques,

reformulating, metaphor, reflecting team, reframing, promoting
individual development, expressing acknowledgment, facilitating
emotional flow, self-exploration, and coping with daily practical
issues (5, 8, 19–22).

Another issue requiring clarification is the relationship between
psychotherapy satisfaction and objective clinical outcomes such as
symptom reduction, social function improvement, and increased
wellbeing. Psychotherapy satisfaction refers to the client’s positive
appraisal of the outcomes and process attributes of a therapy.
It is a prominent indicator of the quality of therapy and
belongs to the subjective experience of clients (23). Although
psychotherapy satisfaction does not necessarily demonstrate a one-
to-one relationship with objectively assessed therapy outcomes (24),
previous research suggested that they were closely correlated and
contributed to each other (25–27). Meanwhile, prior studies have
taken both as important indicators for psychotherapy effectiveness
(28). However, the mechanism of how these two variables
influence each other remains unclear. In the current study, we
took psychotherapy satisfaction as an indicator of the client’s
therapy effectiveness.

Previous literature suggests that most previous analyses on
the predictors of client satisfaction with psychotherapy have been
conducted using a priori programming of fixed solutions with a
specific theoretical hypotheses or through qualitative approaches
(29). Only recently have machine-learning approaches been used
to predict outcomes of psychotherapy. Machine learning is an
emerging area of artificial intelligence that implements a classification
or prediction model in a data-driven and no-hypotheses way. To
date, studies using machine learning to predict client response to
psychological talk therapies can be categorized into two groups.
The first cluster of studies includes those predicting psychotherapy
outcomes from certain pretreatment characteristics of the clients.
These characteristics included the client’s demographic, psycho-social
and clinical characteristics (e.g., age, ethnicity, gender, economic
status, social support, life events, personality trait, the severity of
symptoms, and comorbidity), electronic medical records, structured
interview data, and brain function (29–34). For example, regarding
demographic, psycho-social, and clinical characteristics, Green et al.
(35) built a machine-learning model with five pretreatment factors
to predict depressed patient’s response to psychotherapy. Those
variables included the client’s ethnicity, gender, deprivation, and
initial depression and anxiety severity. Their model predicted a
reduction of depression symptoms with an accuracy of 74.9%
(35). Similarly, Buckman et al. (36) used clinical data such as
anxiety and depression symptoms, alcohol use, life events, and social
support to predict depressive patients’ remission after 3–4 months of
therapy in primary care settings. The prediction power of the nine
machine learning models they built was acceptable. Additionally,
Gori et al. (37) applied artificial neural network (ANN) technology
to analyze the predictive effect of clients’ personality data on their
psychotherapy outcome. Their model showed a mean rate of correct
classification of 81% in forecasting successful and unsuccessful
treatment cases (37). As for brain function, a machine learning
analysis on the CBT outcomes of 38 schizophrenic patients implied
that psychotic and affective symptom improvement was related to
participants’ neural responses to facial affect across frontal-limbic,
sensorimotor, and frontal regions (38). A longitudinal study on 49
panic patients who received CBT found that patients’ pretreatment
whole brain signals were good predictors of their response to
therapy (39).
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The second group refers to the process-outcome studies that
predicted psychotherapy outcomes based on data during or in
between sessions, such as theoretical orientations of therapy (e.g.,
CBT, interpersonal therapy), therapist’s interventions (e.g., therapist’s
specific conversation strategies, psychodynamic assessment,
and intensity of therapy), therapist-client interactions (e.g.,
psychotherapy conversation text, smartphone messages, session
notes and transcripts, session audio acoustics, and video), client’s
real-time response to therapy (e.g., completion of the homework
assignment, ambient smartphone data, and biomarkers during a
session) (32, 40–44). As for theoretical orientations of psychotherapy,
Chekroud et al. (33) suggested that some multivariable modeling
methods, such as “personalized advantage index” (PAI), could
be used to identify which evidence-based therapy approach (e.g.,
CBT, interpersonal therapy, and psychodynamic therapy) might be
effective in patients with complaints including major depression
and post-traumatic stress disorder (PTSD). Regarding therapist’s
interventions, in a large-scale study on the discourse of text-message-
based psychotherapy conversations, Althoff et al. (45) found that
actionable conversation strategies were linked with clients’ higher
therapy satisfaction. Similarly, an investigation of 14,899 patients
suggested that certain therapist utterances of CBT, such as change
methods, were associated with more patient engagement and
improvement in symptoms (46). As for therapist-client interactions,
Nasir et al. (41) found that couple therapy outcomes were closely
related to the behavioral interaction and acoustics of the spoken
interactions, such as vocal intonation and intensity, during the
therapy sessions. Regarding the client’s real-time response, Wallert
et al.’s (40) study applied machine-learning technologies to estimate
patients’ adherence to internet CBT for depression and anxiety
after myocardial infarction. The strongest predictors included
self-assessed cardiac-related fear, sex and the number of words the
patient used to finish the homework assignment (40). Meanwhile,
Chekroud et al. (33) suggested that a valuable future research
direction is to track a patient’s real-time response during treatment
(e.g., self-reported outcome/symptom measures) and enter them into
a machine learning computer system. Then the computerized system
might predict the patient’s improvement trajectories by comparing it
to an established clinical database (47).

Generally, the current research using machine learning approach
to predict psychotherapy outcome and satisfaction is still preliminary.
As described above, client satisfaction with psychotherapy is
affected by many factors, including clients’ factors, psychotherapists’
factors, and specific strategic factors. We hope to use a variety
of machine-learning methods to study this issue from multiple
angles. Meanwhile, to date, the majority of studies predicting
clients’ response to psychotherapy using machine learning were
from Western countries. Although several studies conducted external
validation to test the generalizability of certain machine learning
(ML) models (43, 48), there is a lack of studies that build
an artificial model to predict Chinese clients’ satisfaction with
psychotherapy. Comparatively, the Chinese tradition emphasizes
more on individuals’ emotional bonding with their families than
Western culture. Meanwhile, Chinese families are more influenced by
Confucianism and place more emphasis on an individual’s obedience
to authority (5, 49). This implies that some special psychotherapy
theories, methods or settings, such as systemic family therapy,
psychoeducation and being treated in medical institutes, may act as
important contributors to client satisfaction with psychotherapy (5,
6). However, the potential factors that contribute to Chinese clients’

therapy satisfaction and the mechanism by which these underlying
factors interact with each other remain unclear. This restriction in
research may hinder the development and tailoring of more effective
psychotherapy strategies.

Thus, in this study, we collected information from both clients
and psychotherapists and applied seven types of machine learning
algorithms, as well as biostatistics, aiming to (1) identify the most
important factors that affect client satisfaction with psychotherapy
and (2) design and implement a classifier based on supervised
machine learning to predict whether clients are satisfied with
psychotherapy. Based on the results of our study, the classifier can
provide a predictive outcome of a specific client’s satisfaction with
psychotherapy. Meanwhile, we can improve our treatment strategy
to provide clients with more personalized therapy services.

Materials and methods

Participants

From 5 July to 28 August, 2021, individuals who had received
psychotherapy were recruited via the WeChat platform. Each of
them was asked to complete an electronic questionnaire using
their WeChat account. WeChat is a representative mobile social
networking platform in China, with more than one billion users. The
inclusion criteria for participants were as follows: (1) received or were
receiving psychotherapy; (2) had at least one therapy session in the
past 4 months; (3) aged 12–60; and (4) agreed to join the investigation
and signed the informed consent. Participants were excluded for the
following reasons: (1) being diagnosed with severe physical diseases;
(2) unable to understand the questions in the investigation; and (3)
severe mental disorders with a risk of self-harm.

Questionnaire

Based on the purpose of the research and a review of literatures,
a questionnaire containing the relevant demographic information of
the participants and their therapists, as well as certain characteristics
of psychotherapy, was compiled. The questionnaire collected the
information from participant’s demographic data (age, gender,
ethnic group, marriage status, occupation, education, and family
economic status), status of psychotherapy (finished or ongoing),
psychotherapist’s gender and age, time of the last session, the
form of therapy (individual, group, family/couple, and integrative
form), the form of access to psychotherapy (face to face, audio,
and video), the location where they received the therapy (welfare
organization, medical institutes, commercial counseling agency,
school, and other), cost per session, qualification of the therapist,
the theoretical orientation of therapy (humanistic therapy, systemic
therapy, psychodynamic or psychoanalysis therapy, CBT, integrated
therapy, or unclear), number of psychotherapists (how many
therapists the participant had seen by the time of survey), order of
therapy being reflected on, number of sessions (how many sessions
had taken place during the therapy being reflected on), diagnosis
by psychiatrists, and whether the participant received medication.
The client’s satisfaction with psychotherapy was judged based on the
answer to the last question: “In general, are you satisfied with the
psychotherapy you received?” “Yes” was classified as being satisfied
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with the psychotherapy; otherwise, the participant was dissatisfied.
Detailed information on each feature is listed in Table 1. A total
of 15 participants were invited to complete the initial questionnaire
and provided their feedback on the content. The final version of the
questionnaire was achieved through revisions based on the feedback.

Procedure

The questionnaire was shared and distributed via the WeChat
platform. When clicking on the online questionnaire, participants
first read a brief introduction about the investigation, such as
the aims of the study and the inclusion and exclusion criteria.
Then, they decided whether to participate in the survey. The
participants were asked to agree and click “yes, I agree to join this
investigation” to indicate their informed consent before starting the
questionnaire. It was an anonymous investigation. WeChat users
or participants who joined the investigation were encouraged to
share the investigation in their WeChat moments. They were also
asked to forward the investigation to other WeChat groups that they
belonged to and to share the questionnaire with their WeChat friends
including clients, psychotherapists, psychiatrists, social workers,
and schoolteachers. The investigation was accomplished by the
participants using either the mobile app or the PC-based interface
of WeChat. The completion time for the whole survey was about
5 min. Every participant could complete the survey only once.
This research complied with the American Psychological Association
Code of Ethics and was approved by the Institutional Review
Board at Shanghai Pudong New Area Mental Health Center, Tongji
University School of Medicine. Informed consent was obtained from
each participant.

Modeling using machine learning

In this study, we leveraged machine-learning technologies to
predict participants’ satisfaction with psychotherapy and evaluated
the predictive performance of training models. Our machine-
learning-based modeling process has four key steps, namely, pre-
processing of raw data, selection of features, selection of algorithms,
and tuning of the parameters. Finally, we compare the predictive
performance of all the models and choose the best classifier. Figure 1
shows the detailed workflow. The method was also described in
our previous study (50). Scikit-learn 1.1.3, 1a well-known machine-
learning library based on the Python language, was applied to train
prediction models (51).

Pre-processing of raw data and selection
of features

In our dataset, 619 participants were satisfied- and 172
participants were unsatisfied with psychotherapy (Table 1). We
select 30 features according to the mutual information, and use
L1 normalization to pre-process the features. We randomly split
the whole dataset into one training/validation subset and one

1 https://scikit-learn.org/stable/

test subset (Figure 1). We used 70% of the participants’ data
for training and validation, and used the remaining 30% of
the participants’ data for testing (52–54). The training/validation
subset was used to both train and validate the prediction model,
and the test subset was used to evaluate the performance of
the model. To address the problem of unbalanced samples, for
the training/validation subset, we used the synthetic minority
oversampling technique (SMOTE) approach (55) to oversample
the minority type of participants. We further applied the five-fold
cross-validation approach to prepare the training/validation subset,
where the training/validation subset was randomly divided into five
groups of equal size. Of the five groups, one group was retained
as the validation data to evaluate the model, and the remaining
four groups were used for training. We repeated the cross-validation
procedure five times, and each of the five groups was used once for
validation.

The selected features were designed to reflect the different aspects
of participants who underwent psychotherapy. In this study, our
features included the demographic information of the participants
and information related to psychotherapy. These features are either
numerical or categorical. Table 1 describes the selected features in
detail.

Selection of the algorithm and parameter
tuning

To obtain the best prediction model, we selected classical
algorithms to implement supervised machine learning, such as
logistic regression, decision tree, random forest, and support vector
machine (SVM), as well as some emerging approaches, including
LightGBM, XGBoost, and CatBoost. For each of these selected
algorithms, we aimed to find a “best” parameter set. Based on the
training/validation subset, we swept through the parameter space
using the grid search approach. We selected a set of possible
values of each parameter to form the parameter space. The grid
search iterated through each combination of parameters. For each
parameter combination, we calculated the prediction performance.
To avoid bias, we apply a nested approach, i.e., we repeat the
random split for training/validation subset and the test subset
for 10 times, and record the average prediction performance. In
the end, the parameters leading to the best average prediction
performance will be recorded. Our model can now be used to
judge a new client’s satisfaction with psychotherapy based on the
input information.

Evaluation of the model performance

To quantify the predictive performance of the trained models,
we adopted the following three classic metrics: precision, recall,
and F1 score (56). Precision indicates the fraction of the
model comprising participants who actually satisfied with their
psychotherapy. Recall indicates the fraction of participants with
psychotherapy satisfaction who have been correctly uncovered by
the model. The F1 score represents the harmonic mean of the
precision and the recall metric. The best F1 score is 1, and
the worst is zero. A higher F1 score indicates better predictive
performance of a model.
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TABLE 1 Features of participants involved in the study.

Feature Satisfied (n = 619) Unsatisfied (n = 172) Overall (%) (n = 791) P-value

Gender

Female 291 (47.0%) 97 (56.4%) 388 (49.1%) 0.031*

Male 328 (53.0%) 74 (43.0%) 402 (50.8%)

Transgender 0 1 (0.6%) 1 (0.1%)

Age (mean ± SD) 29.8 ± 8.3 31.3 ± 9.7 31.1 ± 8.6 0.071

Ethnic group 0.638

Han 594 (96.0%) 163 (94.8%) 757 (95.7%)

Minority 25 (4.0%) 9 (5.2%) 34 (4.3%)

Marriage status 0.806

Single 197 (31.8%) 54 (31.4%) 251 (31.7%)

Single with partner 97 (15.7%) 26 (15.1%) 123 (15.5%)

Married without children 46 (7.4%) 13 (7.6%) 59 (7.5%)

Married with children 262 (42.3%) 71 (41.3%) 333 (42.1%)

Divorced or widowed 17 (2.8%) 8 (4.6%) 25 (3.2%)

Occupation 0.0004***

Enterprise and institution staff 255 (41.2%) 57 (33.1%) 312 (39.4%)

Student 101 (16.3%) 28 (16.3%) 129 (16.3%)

Civil servant 41 (6.6%) 6 (3.5%) 47 (5.9%)

Medical personnel 14 (2.3%) 10 (5.8%) 24 (3.0%)

Teacher 41 (6.6%) 12 (7.0%) 53 (6.7%)

Self-employed 101 (16.3%) 21 (12.2%) 122 (15.4%)

Others 66 (10.7%) 38 (22.1%) 104 (13.3%)

Education 0.011**

Junior high school and below 29 (4.7%) 12 (7.0%) 40 (5.2%)

High school 126 (20.4%) 30 (17.4%) 156 (19.7%)

Undergraduate 409 (66.1%) 101 (58.7%) 510 (64.5%)

Master and Ph.D. degree 55 (8.8%) 29 (16.9%) 84 (10.6%)

Family economic status 0.160

Poor 19 (3.1%) 10 (5.8%) 29 (3.7%)

Ordinary 419 (67.7%) 119 (69.2%) 538 (68.0%)

Good 181 (29.2%) 43 (25.0%) 224 (28.3%)

Status of psychotherapy 0.179

Ongoing 425 (68.7%) 101 (58.7%) 526 (66.5%)

Finished 194 (31.3%) 71 (41.3%) 265 (33.5%)

Gender of psychotherapist 0.153

Female 370 (59.8%) 92 (53.5%) 462 (58.4%)

Male 247 (39.9%) 78 (45.3%) 325 (41.1%)

Transgender 2 (0.3%) 2 (1.2%) 4 (0.5%)

Age of psychotherapist 0.039*

< 30 75 (12.1%) 19 (11.0%) 94 (11.9%)

30–40 364 (58.8%) 90 (52.3%) 454 (57.4%)

40–50 159 (25.7%) 49 (28.5%) 208 (26.3%)

≥ 50 21 (3.4%) 14 (8.1%) 35 (4.4%)

(Continued)
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TABLE 1 (Continued)

Feature Satisfied (n = 619) Unsatisfied (n = 172) Overall (%) (n = 791) P-value

Time of the last session 0.128

Last week 169 (27.3%) 37 (21.5%) 206 (26.0%)

1 week∼1 month 252 (40.7%) 67 (39.0%) 319 (40.3%)

>1 month 198 (32.0%) 68 (39.5%) 266 (33.7%)

Form of psychotherapy 0.811

Individual therapy 411 (66.4%) 116 (67.4%) 537 (67.9%)

Group therapy 19 (3.1%) 7 (4.1%) 26 (3.3%)

Family/couple therapy 139 (22.5%) 35 (20.3%) 174 (22.0%)

Integrative therapy 40 (6.5%) 14 (1.8%) 54 (6.8%)

Form of access to psychotherapy 0.003**

Video 43 (7.0%) 27 (15.7%) 70 (8.8%)

Audio 94 (15.2%) 27 (15.7%) 121 (15.3%)

Face-to-face 358 (57.8%) 82 (47.7%) 440 (55.6%)

Mixed 122 (19.7%) 34 (19.8%) 156 (19.7%)

Others 2 (0.3%) 2 (1.1%) 4 (0.5%)

Location of psychotherapy 0.002**

Welfare organization 31 (5.0%) 16 (9.3%) 47 (6.0%)

Hospital 201 (32.5%) 44 (25.6%) 245 (31.0%)

School 61 (9.8%) 19 (11.0%) 80 (10.1%)

Commercial counseling agency 309 (50.0%) 79 (45.9%) 388 (49.0%)

Others 17 (2.7%) 14 (8.2%) 31 (3.9%)

Cost per session (mean ± SD) 460.5 ± 810.5 643.9 ± 1,142 500.4 ± 895.5 0.050*

Qualification of the psychotherapist 0.735

School teacher 47 (7.6%) 12 (7.0%) 59 (7.5%)

Psychologist 308 (49.8%) 92 (53.5%) 400 (50.6%)

Psychotherapist 195 (31.5%) 45 (26.2%) 240 (30.3%)

Social worker 14 (2.2%) 4 (2.3%) 18 (2.3%)

Psychiatrist 54 (8.7%) 19 (11.0%) 73 (9.2%)

No qualification 1 (0.2%) 0 1 (0.1%)

Theoretical orientation of psychotherapy 0.042*

Humanistic therapy 51 (8.2%) 14 (8.1%) 65 (8.2%)

Systemic therapy 111 (17.9%) 19 (11.1%) 130 (16.4%)

Integrated therapy 66 (10.7%) 18 (10.5%) 84 (10.6%)

Psychodynamic or psychoanalysis 247 (39.9%) 90 (52.3%) 337 (42.6%)

Cognitive behavioral therapy 134 (21.7%) 27 (15.7%) 161 (20.4%)

Unclear 10 (1.6%) 4 (2.3%) 14 (1.8%)

Number of psychotherapists (mean ± SD) 2.4 ± 1.6 2.4 ± 1.9 2.4 ± 1.7 0.961

Order of the therapy (mean ± SD) 2.2 ± 1.9 2.1 ± 1.1 2.2 ± 1.8 0.439

Number of sessions (mean ± SD) 9.4 ± 23.1 14.9 ± 29.8 10.6 ± 24.8 0.027*

Diagnosis by psychiatrist 0.140

Yes 308 (49.8%) 74 (43.0%) 382 (48.3%)

No 311 (50.2%) 98 (57.0%) 409 (51.7%)

Receiving medicine 0.110

Yes 177 (28.6%) 38 (22.1%) 215 (27.2%)

No 442 (71.4%) 134 (77.9%) 576 (72.8%)

Satisfied, participants satisfied with psychotherapy; unsatisfied, participants unsatisfied with psychotherapy. *P < 0.05 was considered statistically significant; **P < 0.01; ***P < 0.001.
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FIGURE 1

The flowchart of data processing and machine learning-based modeling. The raw dataset was processed by removing non-compliant data entries to
form the dataset used in the study. The dataset consisted of participants’ demographic features, and psychotherapy-related features were split into a
training and validation dataset and a test dataset. Different machine learning algorithms were selected for training based on the training and validation
dataset. Predictive models were obtained after parameter tuning. The final classifier was determined according to the comparison of each trained
model’s prediction performance using the test dataset.

Statistics

We implemented statistical analysis using the Python
programming language. The numerical variables were represented
in the form of the mean ± standard deviation (SD) (Table 1);
categorical variables were shown as numbers and percentages.
P-values in Table 1 were obtained by using the chi-square test (57).
A p-value less than 0.05 was considered statistically significant.
Chi-square (χ2) statistics were used to quantify the dependence of
each selected feature and the groups of participants (satisfied or
dissatisfied with psychotherapy) (57). A larger χ2 value indicates that
a feature has higher discriminative power.

Results

The demographics of the participants

In total, 925 participants completed the original questionnaire. By
removing non-compliant data entry, the information of 791 (85.5%)
participants were finally analyzed in our study. In the dataset, 619
participants reported that they were satisfied with the psychotherapy
they received, while 172 participants expressed dissatisfaction with
the therapy (Table 1). The incidence of participants who were
satisfied with psychotherapy was 78.3%. Each participant’s data
contained 22 main features, which can be numerical (such as age,
cost per session, number of therapies received, order of therapy being
reflected on, and number of sessions) or categorical (other features).
Detailed information on the participant number, percentage, and
p-value of each feature is shown in Table 1.

A total of 328 (53.0%) male participants were satisfied with the
therapy they received, while fewer female participants (291, 47.0%)
were satisfied (p = 0.031, see also Figure 2F). The average cost per
session of the unsatisfied group was much higher than that of the
satisfied group (643.9 ± 1,142 vs. 460.5 ± 810.5, p = 0.05). Regarding
the number of sessions underwent by the participants, the average
number of sessions in the unsatisfied group was much higher than
that in the satisfied group (14.9 ± 29.8 vs. 9.4 ± 23.1, p = 0.027).

Besides, features, such as occupation, education, psychotherapist’s
age, method of psychotherapy, therapy location, and psychotherapy
theoretical orientations, were significantly different between the two
groups of participants (Table 1).

Important features distinguishing clients
who were satisfied or unsatisfied with
psychotherapy

Next, chi-square analysis was used to evaluate each feature’s
discriminative power for the categories of clients who were
satisfied or unsatisfied with psychotherapy. The top 10 features
that most contributed to distinguishing clients’ psychotherapy
satisfaction include occupation, therapy location, form of access to
psychotherapy, theoretical orientation of psychotherapy, education,
gender, psychotherapist’s age, psychotherapy status, time of the last
session, and psychotherapist’s gender, with chi-square values of
24.913, 16.856, 16.046, 11.490, 11.134, 8.645, 8.370, 5.530, 4.116, and
3.759, respectively (Table 2).

To visualize the difference between clients satisfied or unsatisfied
with psychotherapy, we compared the distribution of the top six
features in the feature importance ranking of the two types of clients
in Figure 2. The client’s occupation is the feature that most strongly
distinguishes between those participants who were satisfied and those
who were unsatisfied with psychotherapy. Enterprise and institution
staff, civil servants, and self-employed individuals had a higher
percentage of psychotherapy satisfaction, while medical personnel
and others had a higher percentage of dissatisfaction (Figure 2A).
Concerning therapy location, clients of medical institutes, and
counseling agencies were more satisfied with therapy, while clients
of public welfare organizations and other consulting agencies were
relatively less satisfied (Figure 2B). Regarding the form of access to
psychotherapy, the patients engaged in face-to-face therapy showed
higher satisfaction than the patients receiving psychotherapy by
other methods (Figure 2C). In terms of the theoretical orientation
of therapy, individuals undergoing systemic family therapy and
CBT showed a higher percentage of satisfaction than those in
psychodynamic therapy (Figure 2D). Interestingly, clients with an
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FIGURE 2

Comparison of clients’ satisfaction with psychotherapy based on graph metrics. (A) client’s occupation; (B) location of psychotherapy; (C) way of
psychotherapy; (D) theoretical orientation of psychotherapy; (E) client’s education; (F) client’s gender. satisfied: participant satisfied with psychotherapy;
unsatisfied: participant unsatisfied with psychotherapy. EIS, enterprise and institution staff; CBT, cognitive behavioral therapy.

TABLE 2 The ranking of feature importance.

Rank Feature Chi-square value

1 Occupation 24.913

2 Location of psychotherapy 16.856

3 Form of access to psychotherapy 16.046

4 Theoretical orientation of psychotherapy 11.490

5 Education 11.134

6 Gender 8.645

7 Age of psychotherapist 8.370

8 Status of psychotherapy 5.530

9 Time of the last session 4.116

10 Gender of psychotherapist 3.759

education level of junior high school and below or master’s and
doctoral degrees had a lower rate of psychotherapy satisfaction
(Figure 2E). Moreover, compared with female clients, male clients
were relatively more satisfied with psychotherapy (Figure 2F).

Machine learning algorithms applied for
the prediction of client psychotherapy
satisfaction

Next, we used a series of supervised machine-learning algorithms
to predict clients’ psychotherapy satisfaction. First, we chose

seven representative machine-learning algorithms, i.e., CatBoost,
LightGBM, XGBoost, random forest, decision tree, SVM, and logistic
regression, to build prediction models. Then, based on the test subset,
we compared all the models’ predictive performances to find the
best prediction model. The F1 scores of the seven models, CatBoost,
XGBoost, random forest, LightGBM, SVM, decision tree, and logistic
regression, were 0.758, 0.735, 0.734, 0.725, 0.716, 0.701, and 0.612,
respectively (Table 3). The precision value and recall value of each
model were also listed in Table 3, and the precision-recall curves of
the seven models were presented in Figure 3. By comparing these
models’ prediction performances, the model based on the CatBoost
algorithm achieved the largest F1 score of 0.758, leading to the best
performance in predicting client psychotherapy satisfaction.

Discussion

To the best of our knowledge, our work is the first study applying
machine-learning algorithms to predict clients’ satisfaction with
psychotherapy in China. There were two main findings in the current
study: (1) the most relevant six features in distinguishing clients
with or without satisfaction with psychotherapy were the client’s
occupation, location of therapy, the form of access to psychotherapy,
theoretical orientation of therapy, client’s education, and gender;
(2) the CatBoost algorithm-based model performed the best in
distinguishing between satisfied- and unsatisfied participants with
psychotherapy, with an F1 score of 0.758. Meanwhile, our study
demonstrated the value and feasibility of using machine-learning
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TABLE 3 Compare the performance of different ML algorithms to predict
clients’ satisfaction with psychotherapy.

Classifier Precision Recall F1-Score

CatBoost 0.757 0.789 0.758

LightGBM 0.726 0.768 0.735

XGBoost 0.731 0.776 0.734

Random forest 0.725 0.776 0.725

Decision tree 0.715 0.717 0.716

SVM 0.684 0.730 0.701

Logistic regression 0.680 0.578 0.612

approaches to predict clients’ psychotherapy satisfaction based on the
features of the participants and their therapists.

Among various features determining participants’ psychotherapy
satisfaction, occupation was identified as the best feature for
distinguishing between those satisfied and those unsatisfied
participants with psychotherapy. Our analysis showed that enterprise
and institution staff, civil servants, and self-employed individuals
had a higher percentage of psychotherapy satisfaction than
medical personnel and others (Figure 2A). The reasons for this
difference might be related to the different mindsets and educational
experiences of different groups. Medical personnel may be more
trained in the mindset of biological medicine (1, 58). It may be
somewhat at odds with interpretative, speculative, and circular
philosophies of psychotherapy (1, 58). This may hinder their
engagement with the therapist, and psychotherapy process triggers
their dissatisfaction with psychotherapy (6). Hence, for medical
personnel, more practical and linear interventions (e.g., linear
questioning and action suggestions) might be more applicable (6).

However, future research to explore improving medical personnel’s
satisfaction with psychotherapy is still needed.

Another finding is that participants with a graduate degree or less
than a high school educational level reported more dissatisfaction
than those with high school and undergraduate education levels
(Figure 2E). Previous research did not strongly support an
association between the client’s education level and psychotherapy
outcomes (59–61). A possible explanation for this finding might
be that for participants with less than a high school education, the
process and pragmatic system of psychotherapy may be confusing for
them. Therefore, they may receive fewer gains from psychotherapy.
By comparison, for participants with high school and undergraduate
education levels, their cognitive levels and expectations may be
more suitable for therapists in the current study. This might be
partially consistent with previous studies, which reported that a
higher cognitive level similarity between the therapist and the client
could improve the clients’ therapy experience (5). Our finding implies
that psychotherapy strategies should be tailored to clients’ cognitive
and education levels. However, why participants with a graduate
degree had lower therapy satisfaction still needs to be explored in the
future.

Concerning the location of psychotherapy, we found that
clients who received psychotherapy in mental health institutes,
comprehensive hospitals, and commercial agencies were more
satisfied with psychotherapy than those whose sessions were
conducted at public welfare organizations. The potential factors
contributing to this difference may include: (1) Chinese culture
advocates worship and trust in authority (5, 49). The participants
may think clinicians in “official and professional” medical institutes
are more trustworthy. The stereotype of “authorized professionals
in official hospitals” may increase participants’ trust in their
therapists and adherence to the therapy. This coincides with
the findings of previous research that Chinese clients expect

FIGURE 3

Precision-recall curve for each trained model in predicting client psychotherapy satisfaction. The precision-recall curve for each prediction model
predicts whether the participant is satisfied with psychotherapy. Seven machine learning algorithms were selected for training, namely, (A) CatBoost,
(B) LightGBM, (C) XGBoost, (D) random forest, (E) decision tree, (F) support vector machine (SVM), and (G) logistic regression.
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their psychotherapists to provide guidance and suggestions from
a professional authoritative perspective (5). (2) In China, the
admission criteria for psychotherapists in official hospitals and
commercial agencies may be stricter than those in public welfare
organizations. Clinicians may be more experienced and competent
in prescribing various therapy strategies and interventions. In
contrast, the percentage of novice therapists and interns in public
welfare organizations may be higher (62). Previous studies have also
suggested that clients’ therapy outcomes are positively related to the
professional competence of therapists (5, 8, 12). (3) In hospitals and
commercial agencies, participants need to pay for psychotherapy.
Therefore, they may take the therapy more seriously and be
more engaged and attentive (63). Meanwhile, they may be more
convinced by the therapist’s feedback and suggestions than those
participants who receive free treatment in public welfare institutions.
Interestingly, our analysis also showed that for participants who were
satisfied with their paid sessions, the average cost per session was
lower than those who were unsatisfied (Table 1). This finding was
in accordance with the study by Stanley et al. (64) that financial
incentives that reward therapy attendance with discounted fees were
associated with clinical improvement in the clients. It implies that
psychotherapy with modest charges may be more helpful. However,
the mechanism of this phenomenon and the strategies to solve this
problem remain unclear. Future research exploring the strategies
(e.g., recruiting more experienced psychotherapists with a medical
training background or giving flexible charging policies for specific
clients) to improve clients’ satisfaction in welfare organizations is
strongly suggested.

In our study, participants who received systemic family therapy
and CBT reported a higher percentage of satisfaction than those
in psychodynamic therapy (Figure 2D). This finding was partially
consistent with previous studies that psychodynamic therapy
showed a higher risk of side effects in psychotherapy (6, 17, 18).
Psychoanalysis therapy emphasizes the exploration of past traumatic
experiences, clients’ defects, and their self-reflection on internal
conflicts and pain. It may trigger participants to blame themselves
or others for their problems, thus taking the role of an isolated
victim and presenting a defect-orientation thinking model (6).
Even if participants experience sudden gains from the therapy
(65), it may put much pressure on the clients. Comparatively,
systemic family therapy focused on the resources and flexibility of
the participants’ families. Meanwhile, there is a greater focus on
improving and reframing dysfunctional family interactions (5, 6, 66).
Chinese culture attaches greater importance to the influence of the
family environment on an individual’s mental health, and family
interpersonal conflicts are correlated with various clinical complaints
of Chinese clients (5, 67–69). Hence, participants who received
systemic family therapy may have more positive perceptions of
themselves and their families while also experiencing more significant
adjustments in their family relationships. This may contribute
to the relief of their symptoms and increase their satisfaction
with psychotherapy. Previous research has also implied that the
involvement of family members was associated with better outcomes
in psychotherapy (10). CBT emphasizes finding more effective coping
strategies and cognitive schemes to solve clients’ difficulties (30). This
therapeutic philosophy may coincide with Chinese culture, which
advocates obedience to professional authority, useful knowledge, and
effective coping strategies (5, 49). As a result, participants experienced
higher therapy satisfaction.

In terms of the association of therapy satisfaction with
participants’ gender, the results of previous studies have varied, and
no consistent conclusions have been reached (59). For example, both
Vitinius et al. (59) and Schneider and Heuft’s (70) studies found that
client gender did not have a significant impact on psychotherapy
success. Although our analysis implied that male participants were
more satisfied with psychotherapy than female participants, more
research is strongly suggested to clarify the potential factors and
mechanisms contributing to this gender difference. Regarding the
form of access to psychotherapy, face-to-face therapy rated higher
in satisfaction than other psychotherapy methods. The main reason
may be because the flow of emotions, exchange of ideas, and
behavioral interactions between clients and therapists are more fluent
during offline psychotherapy (9). Thus, a high-quality therapeutic
alliance might be more easily fostered. As suggested by previous
research, client satisfaction with therapy was positively correlated
with supportive and trustworthy therapist-client alliance (5, 9).

Regarding therapists’ age and gender, our analysis implied that
they worked as two of the top 10 features that most contributed to
distinguishing client psychotherapy satisfaction (Table 2). However,
their contributions were relatively lower (with chi-square values of
8.370 and 3.759, respectively) than the other six features mentioned
above. As suggested by previous research, clients whose preferences
for the therapist’s gender and age were met reported better therapy
outcomes (5, 9). However, no linear correlation between client
satisfaction and the therapist’s gender and age have been identified
by prior studies. Although our results suggested that clients treated by
younger therapists were more satisfied with their treatment (Table 1),
future research exploring how therapists’ age affects the participants’
satisfaction is still suggested.

Another issue concerns the impact of diagnosis and symptom
severity on participant satisfaction. These two features were not
involved in our investigation, but previous research implied that
their influence on clients’ responses to psychotherapy could be
complicated. Some studies suggested that symptom severity and
diagnosis would work as predictors for psychotherapy outcomes
(71). Meanwhile, previous research implied that symptom severity
might also moderate the associations between other predictors
and psychotherapy outcomes (72). However, the mechanisms they
interact with other potential features influencing Chinese clients’
psychotherapy satisfaction remain unclear. Therefore, future studies
exploring the impact of Chinese clients’ diagnosis and symptom
severity on their therapy satisfaction are strongly suggested.

Clients seeking psychotherapy always expect satisfactory
outcomes. However, due to differences in clients, therapists, and
other relevant factors, not all clients will have satisfactory outcomes.
Although the psychotherapeutic process is relatively subjective, our
attempts show that its outcomes can still be predicted by models.
By applying seven different types of supervised machine-learning-
based algorithms, our research showed that, for clients undergoing
psychotherapy, the model can accurately distinguish between
those who are satisfied or unsatisfied with therapy based on the
features of participants and therapists. Among the seven models,
the CatBoost algorithm-based model showed the best performance
in predicting clients’ psychotherapy satisfaction, with an F1 score
of 0.758. CatBoost is based on gradient-boosted decision trees
developed by Yandex researchers and engineers (73). It has been
employed in a wide variety of fields due to its great performance
for classification and regression tasks (74). To date, there are few
studies using machine-learning methods to predict satisfaction with
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psychotherapy. Different studies have used different features to
predict satisfaction with psychotherapy from different aspects (29).
We are the first study to incorporate both client and therapist factors
in a model to predict treatment satisfaction. In addition, previous
studies often used a single algorithm or a few (37, 40, 41, 75), making
the prediction effect relatively limited. Our research used a variety
of machine-learning algorithms, including traditional algorithms
such as logistic regression, decision tree, random forest, and SVM,
also some emerging approaches such as CatBoost, XGBoost, and
LightGBM. Different algorithms have different predictive effects due
to different principles and computing abilities. By comparing the
performance of multiple algorithms and using automatic parameter
tuning, the model we trained can achieve the best prediction
performance to the greatest extent possible.

The CatBoost-based machine-learning model achieved in the
current study is sufficiently accurate and could provide meaningful
implications for psychotherapy practice. The CatBoost-based
prediction can be implemented as software or app on the mobile
device without special equipment or materials. Input the relevant
information of the future client and the counselor, and the model
can easily and quickly give whether the client is satisfied with
the psychotherapy. The results provided by the model can be
used as part of an auxiliary diagnosis and treatment. Still, the
precise treatment for a specific client requires the therapist to
consider both the given by the model and their own experience,
then formulate an appropriate plan to improve the effectiveness
of psychotherapy.

Limitations

This study still has some limitations. First, in the current
study, the psychotherapy satisfaction of clients was not assessed
in an independent survey. This may make our finding less valid.
Meanwhile, the objectively measured outcomes (e.g., symptom
reduction and improvement in social function) of psychotherapy
were not included in the investigation. The relationships between
client satisfaction and treatment outcomes were not explored. Hence,
randomized control trial and longitudinal research using objective
and experimental data will be introduced in the future. Second,
the self-assessed questionnaires were disseminated and completed
online via social media applications according to the inclusion and
exclusion criteria. Although our sample size was relatively large,
the validity and accuracy of the survey on some variables (e.g.,
whether participants actually received the therapy as indicated, the
age and qualification of the therapist, and the theoretical orientation
of therapy) might not be sufficiently guaranteed. Third, some
other potential features associated with client satisfaction, such
as therapists’ education level, career stage, professional experience
and mental activity, competence, participant’s detailed diagnosis,
symptom severity, therapy contents, frequency, and treatment quality
were not investigated. Future studies using qualitative approaches
or quantitative frameworks to explore the underlying mechanisms
of how these factors influence client satisfaction with psychotherapy
are strongly suggested. Forth, we conducted a binary assessment of
psychotherapy satisfaction in the current study. In future studies, we
will increase the sample size, conduct a more nuanced classification of
psychotherapy satisfaction, and refine the current predictive model.

Conclusion

The current study clarified several major factors influencing client
satisfaction with psychotherapy, including the client’s occupation,
gender, education, location of psychotherapy, the form of access to
psychotherapy, and theoretical orientation of therapy. It suggests that
good therapy strategies should be designed in accordance with the
certain demographic characteristics of the clients and their specific
preferences for therapy settings and approaches. Meanwhile, we built
a supervised machine-learning-based model which could distinguish
between satisfied or unsatisfied participants with psychotherapy. The
model based on the CatBoost algorithm achieved an F1 score of
0.758. These results provide meaningful implications for designing
and tailoring better psychotherapy strategies for specific clients to
achieve better therapeutic outcomes.
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