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Self-compassion, which refers to compassion directed toward oneself, is associated with mental health 
and well-being. Traditionally, self-compassion has been measured and quantified using rating scales 
such as the Self-Compassion Scale (SCS) and Compassionate Engagement and Action Scales (CEAS). 
In recent years, interest in quantifying psychology using text described by people and state-of-the-art 
natural language processing methods, such as BERT, has increased. In this study, short open-ended 
free texts were collected from participants asking about their thoughts (general thoughts and those 
about themselves and others) and behaviors in three challenging situations. Then, a regression model 
was developed to predict the self-compassion scores (i.e., SCS and CEAS) from free texts with BERT. 
The self-compassion scores quantified by free texts and BERT highly correlated with the SCS score 
and certain criterion-related validity. Furthermore, the results suggest that thoughts, behaviors, and 
levels of self-compassion differ across situations and that the SCS score is related to both cognition 
(thoughts) and behaviors. The method of psychological quantification using free text may be less 
prone to priming or bias than measurement using questionnaires. Thus, future studies are encouraged 
to apply this natural-language-based approach to more diverse samples and other psychological 
constructs.
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We experience various difficulties in our daily lives. How we feel and think in such situations varies among 
individuals. For example, one person may feel lonely in a challenging situation, envious of others, and frustrated 
by their inadequacy. However, one can also accept oneself with one’s weaknesses and shortcomings and turn 
compassion toward oneself in such a situation.

In psychology, self-compassion refers to people’s compassion toward themselves when experiencing 
difficulties, failures, or realizing their inadequacies1. Individuals who have high self-compassion are less likely 
to experience psychopathology and emotional distress such as depression and stress2 and have more positive 
emotions and life satisfaction3. Interventions that foster self-compassion, such as Mindful Self-Compassion 
program and Compassion-Focused Therapy, have also been found to improve well-being and happiness4. Over 
the past decade or so, self-compassion research has increased exponentially. It is now being conducted in various 
disciplines, including psychology, psychiatry, nursing, and education5.

Psychological constructs such as self-compassion help in understanding human psychology and behavior and 
have traditionally been often quantified using self-report rating scales. For example, the Self-Compassion Scale 
(SCS)6 is the most widely used rating scale to measure individual differences in people’s trait self-compassion. The 
SCS consists of three subscales for compassionate response (CS) and three for uncompassionate response (UCS). 
The CS subscale consists of three sub-scales: Self-Kindness, which means to value oneself and show kindness 
even in times of distress; Common Humanity, which means to believe that one is not alone in one’s distress; and 
Mindfulness, which refers to having a balanced attitude in times of suffering and not being distracted by it. The 
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subscale for UCS is the psychological opposite of each of the three CSs. They are Self-Judgement, which refers 
to criticizing oneself when suffering; Isolation, which refers to thinking that one is the only one suffering; and 
Over-identification, which refers to becoming confused and occupied with distressing thoughts and feelings 
when suffering.

Another measures of self-compassion is the Compassionate Engagement and Action Scales (CEAS)7. The 
CEAS measures the engagement in facing and addressing one’s suffering in difficult situations and the action 
taken to alleviate one’s suffering. The CEAS and SCS are measures that reflect different aspects of self-compassion. 
For example, the CEAS does not include the elements of Self-Kindness and Common Humanity that the SCS 
emphasizes5, while the CEAS emphasizes the behavioral aspects of compassion, such as trying to reduce one’s 
suffering.

Until now, most self-compassion research has been based on rating scales such as the SCS and CEAS, but in 
recent years, psychology has been growing in the quantification of constructs using open-ended responses and 
natural language. What motivates this kind of research is the fact that when people express their emotions in 
their everyday lives, they use natural language rather than numerical scales like rating scales, so the quantification 
of psychology through natural language measures has high ecological validity8–10. People report that they can 
recall and express their feelings more clearly and accurately when answering open-ended questionnaires than 
when answering numerical rating scale questions11. In recent years, many psychologists have come to believe 
that it is important to utilize and develop methods for quantifying psychological constructs that make use of 
language reports and free descriptions, which have fewer restrictions on expression and allow for a high degree 
of freedom in responses9,11–14. This kind of research interest is also spreading to a wide range of fields, including 
not only psychology but also more accurate assessment in the fields of psychiatry and mental health15–17, as well 
as employee personnel evaluation and well-being improvement in a working environment18,19.

Several attempts have been made to estimate writers’ attitudes (positive/neutral/negative) and basic emotions 
(e.g., anger/sadness/joy) using natural language as a cue particularly in field of informatics20,21. In recent years, 
further attempts have been made to estimate and quantify individual differences (latent variables) in more 
complex psychological constructs17. Kjell et al.8 asked participants, “Are you satisfied or dissatisfied with your life 
in general?” The results show that free-text statements obtained from participants can be analyzed using latent 
semantic analysis to predict their life satisfaction scores8. Kjell et al. also found that participants were asked the 
prompt, "In the past two weeks, were you depressed or not depressed?", using a method similar to latent semantic 
analysis, and showed that it could predict participants’ depression to a moderate or higher degree22.

More recently, the deep learning model Bidirectional Encoder Representations from Transformers (BERT)23, 
which uses the Transformers architecture widely known for its use in ChatGPT, is increasingly used to quantify 
psychology. The BERT is an NLP method with machine learning (deep learning). The main difference with 
GPT-based models is that GPT-based models are better at generating language (e.g., written responses to 
questions). Conversely, BERT-based models are better at predicting by regression to some numerical value or at 
classification tasks. In a study quantifying psychological constructs using BERT, Kjell et al. showed that analyzing 
free statements to the same prompts about life as just described by BERT yielded higher predictive accuracy 
than traditional latent semantic analysis (r = 0.74)9. Wang et al. also showed that text data on Sina Weibo, a social 
networking service used primarily in the Chinese-speaking world, predicted psychiatric depression severity 
and that BERT was more accurate than conventional prediction models such as convolutional neural networks 
and long and short-term memory neural network24. Tanana et al. showed that BERT achieves higher prediction 
accuracy in an emotion estimation task based on dialogue recording text in psychotherapy settings, compared 
to previously used word dictionary-based methods25. Additionally, Simchon et al. showed that BERT could 
predict posters’ personality traits with moderate accuracy by analyzing content posted on the bulletin board 
social site Reddit (r = 0.33)26. Recently, we demonstrated that the score of a rating scale measuring attitudes 
toward ambiguity can be predicted from free descriptions with moderate accuracy (r = 0.41)13.

Despite the growing interest in this research from the perspectives of psychology, psychiatry, informatics, 
and social implementation, the use and development of methods for quantifying psychology through natural 
language processing is still in its infancy, and the number of psychological constructs that can be estimated using 
free descriptions is limited. Apart from basic concepts such as basic emotions20,21 and the Big Five personality 
traits26,27, the number of psychological constructs that can be estimated from free-form responses is limited 
to a few, such as depression, anxiety22, life satisfaction/life harmony9, and attitudes towards ambiguity13. To 
date, there is no natural language processing methods that can quantify self-compassion from free descriptions. 
Considering that self-compassion is being studied extensively not only in psychology but also in applied fields 
such as psychiatry, mental health, and working environment5, it is important to develop a method to quantify 
self-compassion from free descriptions.

We focused on self-compassion, which has been the focus of much research and intervention in the fields 
of psychology and psychiatry. This study examined the possibility of estimating people’s trait self-compassion 
from free participant descriptions. Previous studies have used prompts in which participants can answer in a 
Yes/No manner such as "Are you satisfied with your life or not?" and "In the past two weeks, have you been 
depressed or not depressed?"8,9,22 or using text data with a large sample size or long description length24–26. 
In this study, we tested whether it is possible to develop a predictive model using a relatively small number of 
data (approximately 1,000) to accurately predict questionnaire (i.e., SCS and CEAS) scores by collecting short 
open-ended text data from participants, in which they cannot answer in a Yes/No manner. We used BERT as the 
model for our predictions. BERT’s bidirectional transformer architecture has the advantage that it can consider 
both the context before and after a word, and by adjusting the model through fine-tuning, it is possible to obtain 
embedding representations specific to the collected text. Past research has demonstrated that BERT is superior to 
other NLP models in its ability to predict psychological constructs from free texts8,9,13,24,27. Additionally, we also 
checked whether SCS and CEAS predictive scores showed the same correlation patterns with psychopathology 
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and well-being scales (Patient Health Questionnaire-9, Satisfaction with Life Scale, and others) as the true scores 
of the SCS and CEAS questionnaires. This study contributes to the field by demonstrating the feasibility of using 
a state-of-the-art language model, BERT, to quantify self-compassion from short free-text descriptions with 
high accuracy. Unlike traditional rating-scale-based methods, this approach offers a more flexible alternative for 
psychological assessment.

The remainder of this paper is organized as follows. “Methods” section outlines the methods, including 
participant recruitment, data collection, and the BERT model development. “Results” section presents the 
relationship between self-compassion scores quantified by BERT and traditional rating scales, highlighting 
the predictive accuracy and criterion-related validity. “Discussion” section discusses the implications of our 
findings, limitations, future research directions, and conclusions.

Methods
This study was approved by the Ethics Committee of the Graduate School of Education at Kyoto University (CPE-
601) and conducted in accordance with relevant guidelines and regulations. We obtained informed consent from 
the study participants before their participation. This study was performed in line with the principles of the 
Declaration of Helsinki.

Participants
This survey was conducted online. Participants were recruited through CrowdWorks (https://crowdworks.jp), an 
online crowdsourcing platform primarily populated by Japanese nationals. This study used a large crowd worker 
pool from a crowdsourcing service because fine-tuning the BERT model requires a relatively large data size 
(see below). To participate in the survey, participants had to be native speakers of Japanese and at least 18 years 
old. No exclusion criteria were enforced for participants. Participants responded to open-ended questions (in 
Japanese), rating scales, and demographic data according to the procedures described in the next section. As 
the survey was administered through Qualtrics (https://www.qualtrics.com), participants who completed the 
survey to the end were guaranteed to have answered all questions. Therefore, none of the 823 participants who 
completed the survey had missing values. From these 823 participants, we excluded participants who answered 
incorrectly on the attention check, who answered from the same IP address, and one who reported a glitch in 
keyboard entry, resulting in a final sample of 780 participants.

Regarding the demographic data on the participants, gender was 357 males, 418 females, and five unknown. 
The mean age was 43.0 years, with a standard deviation of 10.6 years, a minimum of 19 years, and a maximum 
of 75 years. The final education level was middle school (n = 11), high school (n = 186), junior college/technical 
college (n = 103), university (n = 423), graduate school (n = 46), and unknown (n = 11).

The main objective of this study was to construct a BERT regression model to predict the scores of rating 
scales (i.e., SCS and CEAS) from open-ended text data obtained from participants. No clear standard exists 
for the sample size required to construct a BERT model; it depends on the task BERT solves. However, Sun et 
al. showed that while a larger sample size improves accuracy, a sample of 100–1000 cases may be sufficient for 
practical use28. Therefore, we aimed to collect data from about 800 cases in this study.

Survey procedure
Participants were presented with 12 open-ended prompts (described below), one at a time, and asked to write 
an open-ended response. After each prompt, the participant had to type a free-response statement of at least 40 
characters, and 45 seconds had to elapse before moving on to the next response. Participants then responded to 
rating scales (see below). The survey also measured several rating scales not used in this study (see Supplementary 
Methods). Finally, demographic data (gender, age, and last education) were collected to complete the survey.

Prompts presented to participants
Twelve prompts, which consisted of four questions in three situations, were presented on the screen. Table 1 
shows an English translation of the Japanese prompts presented to the participants. The situations were set up 
referencing the SCS items: a situation in which the participants are experiencing suffering, a situation in which 
they have realized their shortcomings or inadequacies, and a situation in which they have made a big mistake. 
Regarding the four questionnaire statements, three of them related to the cognitions that the SCS was assumed 
to be primarily measuring (i.e., general thoughts, thoughts about oneself, and thoughts about others), and one 
related to the behaviors that the CEAS was supposed to measure (how one acts in difficult situations).

The specific prompts used in this study were designed to capture various dimensions of self-compassion. 
These prompts were developed based on the constructs measured by the SCS and the CEAS, which emphasize 
cognitive and behavioral aspects of self-compassion. Specifically, Question 1 (see Table 1) was designed to reflect 
mainly the Mindfulness component of the SCS and the degree of engagement with suffering in the CEAS by 
asking about general thoughts in difficult situations. Questions 2 and 3, which ask about thoughts about oneself 
and others, reflect mainly Self-Kindness and Common Humanity of the SCS. Finally, Question 4 is related to 
actions to alleviate suffering, which CEAS particularly emphasizes. Also, the fact that our prompts involve three 
different difficult situations reflects a situational approach to measuring self-compassion29,30, asking participants 
about their thoughts and actions when they experience suffering, notice their shortcomings, or make mistakes. 
These situations were chosen because they are typical and common triggers for self-compassion5,6 and provide a 
rich context for eliciting a variety of meaningful responses.
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Rating scales
Self-Compassion Scale (SCS)
The SCS is the most widely used measure of people’s trait self-compassion. The original version of this scale was 
developed by Neff6. The Japanese version of the SCS, translated by Arimitsu (2014) and confirmed for internal 
consistency, retest reliability, and construct validity, consists of 26 items with six subscales, as in the original 
version31. Each of the six subscales is composed of three sub-scales: Self-Kindness (five items, e.g., “I try to be 
loving towards myself when I’m feeling emotional pain”), Self-Judgement (five items, e.g., “I’m disapproving and 
judgmental about my own flaws and inadequacies”), Common Humanity (four items, e.g., “When things are going 
badly for me, I see the difficulties as part of life that everyone goes through”), Isolation (four items, e.g., “When 
I think about my inadequacies, it tends to make me feel more separate and cut off from the rest of the world”), 
Mindfulness (four items, e.g., “When something upsets me, I try to keep my emotions in balance”), and Over-
identification (four items, e.g., “When I’m feeling down, I tend to obsess and fixate on everything that’s wrong”). 
Participants respond to these items using a 5-point scale ranging from 1 (almost never) to 5 (almost always). 
The subscale score is calculated by averaging the response values for each item. Higher scores indicate greater 
self-compassion for the Self-Kindness, Common Humanity, and Mindfulness subscales. Conversely, higher Self-
Judgement, Isolation, and Over-identification subscale scores indicate less self-compassion. The total score of the 
SCS is obtained by averaging the scores for Self-Kindness, Common Humanity, and Mindfulness subscales and 
the inverted scores for the Self-Judgement, Isolation, and Over-identification subscales, respectively. The total 
SCS score indicates that the higher the score, the higher the self-compassion.

Compassionate Engagement and Action Scales (CEAS)
The CEAS is a questionnaire designed to measure self-compassion, compassion for others, and compassion 
received from others, and only the self-compassion subscale was used in this study. The original version of 
this scale was developed by Gilbert et al.7; the Japanese version of the CEAS, translated by Asano et al.32 and 
confirmed for internal consistency, retest reliability, and construct validity, consists of seven items. The CEAS 
consists of items measuring engagement in self-compassion (three items, e.g., “I am motivated to engage and 
work with my distress when it arises”) and action (four items, e.g., “I direct my attention to what is likely to be 
helpful to me”). Participants respond to these items using a 10-point scale ranging from 1 (never) to 10 (always). 
The original version of the CEAS consists of the engagement and action subscales. However, the Japanese version 
has been confirmed to have a one-factor structure for all seven scale items. Thus, only the scale’s total score was 
used for analysis in this study. The total CEAS score is calculated by taking the average of the response values 
for all seven items.

Patient Health Questionnaire-9 (PHQ-9)
The PHQ-9 is a scale used to assess people’s level of depression. The original version of this instrument, the 
Patient Health Questionnaire (PHQ), was developed by Spitzer et al.33. The PHQ was initially designed to 
diagnose and evaluate a variety of psychiatric symptoms, including depression, and the PHQ-9 consists of nine 
questions related to depression and major depressive disorder. This study used the Japanese version of the PHQ-

Situations

 S1 (Suffer) “When you are experiencing suffering in your life”

 S2 (Shortcomings) “When you have realized your shortcomings, inadequacies, or things you don’t like about yourself ”

 S3 (Failure) “When you have made a big mistake”

Questions

 Q1 (Thought-general) “What do you typically think?”

 Q2 (Thought-self) “What do you typically think about yourself?”

 Q3 (Thought-others) “What do you typically think about other people?”

 Q4 (Action) “How do you typically behave?”

Prompts presented to participants

 S1 × Q1 “When you are experiencing suffering in your life, what do you typically think?”

 S1 × Q2 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, what do you typically think about yourself?”

 S1 × Q3 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, what do you typically think about other people?”

 S1 × Q4 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, how do you typically behave?”

 S2 × Q1 “When you have realized your shortcomings, inadequacies, or things you don’t like about yourself, what do you typically think?”

 S2 × Q2 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, what do you typically think about yourself?”

 S2 × Q3 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, what do you typically think about other people?”

 S2 × Q4 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, how do you typically behave?”

 S3 × Q1 “When you have made a big mistake, what do you typically think?”

 S3 × Q2 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, what do you typically think about yourself?”

 S3 × Q3 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, what do you typically think about other people?”

 S3 × Q4 “‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒‒, how do you typically behave?”

Table 1.  Free writing prompts (translated to English from original Japanese texts). S = Situation, Q = Question.
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9. Its reliability and validity were confirmed by Muramatsu et al.34. The scale consists of nine items (e.g., “Little 
interest or pleasure in doing things”), and participants are asked to indicate how often they experienced the 
symptoms indicated in each item in the past week using a four-point scale: 0 (not at all), 1 (several days), 2 (more 
than half the days), or 3 (nearly every day).

Perceived Stress Scale (PSS)
The PSS is a scale used to assess people’s daily perceived stress. The original version of this scale was developed 
by Cohen et al.35. In this study, we used the Japanese version of the PSS, which was translated into Japanese by 
Sumi36. The reliability and validity of the Japanese version of the PSS have been confirmed. The scale consists 
of 10 items (e.g., “In the last month, how often have you been upset because of something that happened 
unexpectedly?”). Participants responded on a 5-point scale from 0 (never) to 4 (very often) to indicate how often 
they experienced each item in the past month.

Positive and Negative Affect Schedule (PANAS)
The PANAS is a scale used to assess negative and positive emotions that people experience daily. Watson et al.37 
developed the original version of the scale. In this study, we used the Japanese version of the PANAS, which was 
translated into Japanese by Sato and Yasuda38 and confirmed for reliability and validity. The PANAS consists 
of eight items for each of the negative (e.g., “Distressed”) and positive (e.g., “Interested”) affect subscales, and 
participants responded to each item on a six-point scale ranging from 1 (never) to 6 (always).

Satisfaction with Life Scale (SWLS)
The SWLS is a scale used to assess people’s life satisfaction. Diener et al.39 developed the original version of this 
scale. In this study, we used the Japanese version of the SWLS, which was translated into Japanese by Sumino40 
and confirmed for reliability and validity. The scale consists of five items (e.g., “In most ways, my life is close 
to my ideal”); participants responded to the extent to which each item applies to them on a seven-point scale 
ranging from 1 (strongly disagree) to 7 (strongly agree).

Data analysis
Calculation of descriptive statistics and correlation coefficients
First, the number of characters in the free texts and the sample statistics for each rating scale (mean, standard 
deviation, and Cronbach’s alpha) were calculated, followed by the correlations between the rating scales.

Development of BERT regression models
We then developed BERT regression models to predict the SCS total scores, the six SCS subscale scores, and 
CEAS total scores from free texts. The models were developed using (a) free texts for each of the 12 prompts, (b) 
free texts combined with each of the three situations, and (c) free texts combined with each of the four questions. 
Thus, for each questionnaire (SCS total, SCS subscales, and CEAS total), 12 + 3 + 4 = 19 prediction models were 
developed. Examples of free texts and combined texts described by a participant (translated into English) are 
presented in Supplementary Table 3.

In building the BERT regression model, one can use the pre-trained embedding as is or after fine-tuning. 
Previous research suggests that fine-tuned models have fewer errors than pre-trained ones when texts consist of 
many negative affect words41. Because we expected the texts we collected to contain many negative emotional 
words, we followed the strategy of fine-tuning BERT’s pre-trained model. Our model was developed by fine-
tuning a Japanese pre-trained model (​h​t​t​p​s​:​​/​/​h​u​g​g​​i​n​g​f​a​c​​e​.​c​o​/​c​​l​-​t​o​h​​o​k​u​/​b​e​​r​t​-​b​a​s​​e​-​j​a​p​a​​n​e​s​e​-​v​3) with the 
collected free text data. We used the latest version of the model pre-trained on a large Japanese dataset (CC-100 
and Wikipedia). We implemented a program for fine-tuning using Python's Transformers package. The optimizer 
for fine-tuning was AdamW. The learning rate scheduler is linear decay. The mean square error was used as 
the loss function. We used Pearson’s correlation coefficient to measure developed models’ accuracy between a 
questionnaire score’s true and predicted values. Hyperparameters tried during fine-tuning were {2e−5, 3e−5, 
4e−5, 5e−5} for learning rate, {8, 16} for batch size, and {1, 2, 3, 4, 5} for the number of epochs. The warm-up rate 
was set to 0.1. Thus, we calculated 4*2*5 = 40 hyperparameter combinations. As the text length for all participants 
was below the BERT processing limit of 512 tokens, no truncation was performed. (However, only when the texts 
were combined did the number of tokens exceed 512 for one participant. Therefore, the model was developed 
after excluding this participant from the predictions based on the combined texts.) In this study, text length was 
not normalized. This is because normalizing text length through truncation could introduce artificial patterns 
that do not naturally exist in free descriptions. Moreover, the length of participants’ responses itself may carry 
psychological information in the context of this task. For instance, the extent to which individuals elaborate on 
their thoughts or provide detailed accounts could reflect underlying traits such as self-awareness or cognitive 
processing styles. Normalizing text length could potentially strip away this valuable information, so we decided 
not to normalize text length.

The nested k-fold cross-validation (nested CV) was used to find the optimal combination of hyperparameters 
and to evaluate the developed models’ accuracy. Although a nested CV is computationally more expensive than 
a classical k-fold CV, it has less bias in estimation accuracy42. It is particularly effective in machine learning 
on relatively small samples43. Importantly, a nested CV allows one to estimate the model’s predictive accuracy 
for data independent of the data used to develop the model while preventing over-training or over-fitting. In 
this study, k = 5. In nested five-fold CV, the dataset is initially shuffled and then split into five sub-datasets. The 
subsequent process consists of an outer loop and inner loops. In an outer loop, the entire data set is divided into 
model development data and test data, and the accuracy of the model developed with the development data is 
estimated with the test data. In an inner loop, the development data is divided into training and validation data. 
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The optimal combination of hyperparameters is selected, and the model is developed using this combination. 
Details of the algorithms performed in the outer and inner loops are described in the Supplementary Methods.

Assessing the accuracy of the developed models
The developed models’ accuracy was evaluated using the median of the five correlation coefficients between true 
and predicted scores (n = 780/5 = 156) obtained in the outer loop of nested CV. An uncorrelated test (df = 154) 
for the median correlation coefficient was performed to obtain a p-value and 95% confidence interval. P < 0.05 
was considered a significant prediction. The widely used Cohen44 guideline for interpreting effect sizes was 
used to evaluate the accuracy of the predictions: low accuracy when 0.10 < r < 0.30, moderate accuracy when 
0.30 < r < 0.50, and high accuracy when 0.50 < r.

Results
Descriptive statistics and correlations of questionnaire scales
The descriptive statistics (M, SD, and Cronbach’s alpha) and correlations for each variable are presented in 
Supplementary Tables 1 and 2.

Examples of free texts
Supplementary Table 3 provides examples of free and combined texts described by a participant.

Length of free texts
The median and range (minimum and maximum) of the length (the number of characters) of participants’ free 
texts and their combined texts are presented in Supplementary Table 4. The median length of participants’ free 
texts for each prompt was approximately 50–55 characters. Some participants wrote much longer (up to 250–400 
characters).

Prediction of the SCS total score
The Pearson correlation coefficients and their confidence intervals between the predicted scores and the true 
values when the SCS total scores were predicted using each text (12 texts), combined texts per situation (three 
texts), and combined texts per question (four texts), are presented in Table 2.

Predictions by text were generally able to predict the SCS total score with moderate or better accuracy 
(r > 0.30) for all texts. Predictions made by the texts on Question 2 (thoughts about oneself) achieved high 
accuracy (r > 0.50) in most cases. Prediction accuracy with the text for the prompt of Situation 2 (when realizing 
one’s flaws) x Question 2 was particularly high (r = 0.57).

Predictions based on texts combined by situation (right-most column in Table 2) were all more accurate than 
a single text for that situation. Similarly, predictions based on texts combined by question (the bottom row of 
Table 2) were all more accurate than a single text for that question. In particular, the combined text for Question 
2 achieved considerably higher prediction accuracy (r = 0.67).

Prediction of the subscale scores of the SCS
The Pearson correlation coefficients and their confidence intervals between the predicted scores and the true 
values, when the six SCS subscales scores were predicted using combined texts per situation (three texts) and 
combined texts per question (four texts) are presented in Table 3. Prediction results by each text were omitted. 
Each combined text predicted each subscale score of the SCS with moderate or better accuracy. For almost all 
subscales, the combined text of Question 2 (Thoughts about oneself) showed the best prediction accuracy.

Prediction of the CEAS score
Table 4 provides the Pearson correlation coefficients and their confidence intervals between the predicted scores 
and the true values when the CEAS total scores were predicted using each text (12 texts), combined texts per 
situation (three texts), and combined texts per question (four texts).

Question 1 (thought-general) Question 2 (thought-self) Question 3 (thought-others) Question 4 (action)

Combined 
texts (per 
situation)

Situation 1 (suffer)
0.47*** 0.50*** 0.42*** 0.38*** 0.57***

[0.34, 0.58] [0.37, 0.61] [0.28, 0.54] [0.23, 0.50] [0.46, 0.67]

Situation 2 (shortcomings)
0.48*** 0.57*** 0.41*** 0.37*** 0.63***

[0.35, 0.60] [0.45, 0.67] [0.27, 0.54] [0.22, 0.50] [0.53, 0.72]

Situation 3 (failure)
0.44*** 0.48*** 0.44*** 0.31*** 0.56***

[0.30, 0.56] [0.35, 0.59] [0.30, 0.55] [0.16, 0.44] [0.44, 0.66]

Combined texts (per questions)
0.59*** 0.67*** 0.51*** 0.52***

–
[0.48, 0.68] [0.57, 0.75] [0.39, 0.62] [0.39, 0.62]

Table 2.  Prediction accuracies of the Self-Compassion Scale score by text. Values in square brackets indicate 
the 95% confidence interval for each correlation. ***p < 0.001.
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Predictions by each text were generally of medium accuracy for Questions 1 (general thoughts) and 4 
(actions). Predictions based on Question 2 (thoughts about oneself) had low to moderate accuracy, while that of 
Question 3 (thoughts about other people) was generally low.

Predictions by text combined by situation (right-most column in Table 4) were all more accurate than a 
single text for that situation, as were predictions of SCS total score. Similarly, predictions based on the text 
combined per question statement (the bottom row of Table 4) all achieved higher accuracy than a single text for 
that question statement. The combined text for Questions 1, 2, and 4 predicted CEAS scores moderately well. 
Conversely, the prediction accuracy of Question 3 remained low.

Relationship between the true and predicted scores of the SCS/CEAS and other variables
Table 5 presents the correlation coefficients between the BERT prediction scores of the SCS and CEAS and other 
variables and those between the true scores of the SCS and CEAS. We used the prediction scores from the text 
that achieved the highest prediction accuracy (r) in each of SCS and CEAS (SCS: Question 2 combined text 
(r = 0.67); CEAS: Situation 1 combined text (r = 0.42)).

The correlation pattern (i.e., the sign or significance of the correlation coefficients) between the SCS/CEAS 
BERT prediction scores and the other variables was similar to the true scores on the SCS/CEAS. However, the 
absolute values of the correlation coefficients between the predicted scores and the other variables tended to be 
smaller than the absolute values of the correlation coefficients between the true scores.

Discussion
People often use verbal expressions to express their psychological states10. Recently, the estimation and 
quantification of psychology using verbal expressions have attracted attention in psychology, informatics, and 
psychiatry. Considering these research trends, this study attempted to predict participants’ trait self-compassion 
by developing a BERT regression model using a relatively small size (about 1000) of short open-ended descriptive 
data, which has a higher degree of freedom in responding than in previous studies. Consequently, we developed 
a model that predicted SCS scores with high accuracy (r = 0.67) and CEAS scores with moderate accuracy 
(r = 0.42).

Question 1 (thought-general) Question 2 (thought-self) Question 3 (thought-others) Question 4 (action)

Combined 
texts (per 
situation)

Situation 1 (suffer)
0.34*** 0.21** 0.18* 0.35*** 0.42***

[0.19, 0.47] [0.05, 0.35] [0.02, 0.32] [0.20, 0.48] [0.28, 0.54]

Situation 2 (shortcomings)
0.31*** 0.28*** 0.16* 0.35*** 0.39***

[0.16, 0.44] [0.13, 0.42] [0.00, 0.31] [0.21, 0.48] [0.25, 0.52]

Situation 3 (failure)
0.29*** 0.26*** 0.24** 0.27*** 0.35***

[0.14, 0.43] [0.11, 0.40] [0.09, 0.38] [0.11, 0.41] [0.20, 0.48]

Combined texts (per questions)
0.39*** 0.36*** 0.27*** 0.41***

–
[0.25, 0.52] [0.21, 0.49] [0.12, 0.41] [0.27, 0.53]

Table 4.  Prediction accuracies of the Compassionate Engagement and Action Scales score by text. Values in 
square brackets indicate the 95% confidence interval for each correlation. *** p < 0.001.

 

S1-combined 
(suffer)

S2-combined 
(short-comings)

S3-combined 
(failure)

Q1-combined 
(thought-general)

Q2-combined 
(thought-self)

Q3-combined 
(thought-others)

Q4-combined 
(action)

Self-Kindness
0.41*** 0.47*** 0.35*** 0.41*** 0.48*** 0.31*** 0.33***

[0.27, 0.53] [0.33, 0.58] [0.21, 0.48] [0.27, 0.53] [0.35, 0.60] [0.16, 0.44] [0.19, 0.47]

Self-Judgement
0.48*** 0.55*** 0.44*** 0.51*** 0.59*** 0.42*** 0.32***

[0.35, 0.60] [0.43, 0.65] [0.30, 0.56] [0.38, 0.61] [0.48, 0.68] [0.28, 0.54] [0.17, 0.46]

Common Humanity
0.46*** 0.39*** 0.35*** 0.49*** 0.49*** 0.40*** 0.34***

[0.32, 0.57] [0.25, 0.52] [0.20, 0.48] [0.36, 0.60] [0.36, 0.60] [0.26, 0.53] [0.20, 0.48]

Isolation
0.48*** 0.49*** 0.45*** 0.45*** 0.48*** 0.47*** 0.37***

[0.34, 0.59] [0.37, 0.60] [0.31, 0.56] [0.32, 0.57] [0.34, 0.59] [0.34, 0.59] [0.23, 0.50]

Mindfulness
0.45*** 0.42*** 0.40*** 0.47*** 0.47*** 0.40*** 0.45***

[0.32, 0.57] [0.28, 0.54] [0.26, 0.53] [0.34, 0.59] [0.34, 0.59] [0.25, 0.52] [0.31, 0.56]

Over-Identification
0.54*** 0.49*** 0.55*** 0.54*** 0.61*** 0.48*** 0.43***

[0.42, 0.65] [0.36, 0.60] [0.44, 0.65] [0.42, 0.64] [0.50, 0.70] [0.35, 0.59] [0.29, 0.55]

Table 3.  Prediction accuracies of subscale scores of the Self-Compassion Scale by text. S, Situation. Q, 
Question. Values in square brackets indicate the 95% confidence interval for each correlation. ***p < 0.001.
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Correlations between rating scales
Among the SCS subscales, a positive correlation was found between those related to CS and those related to 
UCS. An inverse association was found between subscales reflecting CS and those reflecting UCS. This result was 
similar to previous studies6. The CEAS also showed a strong positive correlation with the subscales reflecting CS 
of the SCS and a moderate negative correlation with the subscales reflecting UCS. This finding also replicated 
the results of a previous study7. Furthermore, self-compassion was negatively associated with psychopathology 
and other measures (i.e., depression, stress, negative affect) and positively associated with well-being-related 
measures (i.e., positive affect, life satisfaction), consistent with previous studies2,3,7.

Prediction of the SCS total score
In terms of the prediction of total SCS scores by each text, the texts related to Questions 1 (general thoughts), 2 
(thoughts about self), 3 (thoughts about others), and 4 (actions) all predicted SCS scores with moderate to high 
accuracy. The prediction accuracy of the texts for Question 2 was relatively high, with the highest prediction 
accuracy (r = 0.57) obtained with free texts for the prompt of Situation 2 (when noticing one’s shortcomings) 
x Question 2. Notably, relatively high accuracy was achieved although each of the 12 texts was short, with a 
minimum of 40 characters and a median of 50–55 characters, and the prompts asking for free texts had a degree 
of freedom in their responses (i.e., they could not be answered with Yes/No).

Predictions of SCS total scores by texts combined with situations were more accurate than predictions by 
text alone. This result is consistent with Kjell et al.9, suggesting that combining multiple free texts about different 
things, such as thoughts about oneself, others, and actions, increases the amount of information in the texts (or, 
more precisely, the amount of information that contributes to predicting the total SCS score) more than the 
individual free texts.

Predictions by the combined texts for each question text also showed improved accuracy compared to each 
text. For example, compared to the prediction accuracy with a single text (r = 0.57) for Situation 2 × Question 2, 
the prediction accuracy with the combined text for Question 2 (r = 0.67) improved by approximately 0.1 points, 
or 12.4% in terms of variance explained. Thus, we can assume that even when the free texts about different 
situations were combined for each question text, more information was obtained from the combined texts that 
were useful to predict the total SCS score. This result suggests that the descriptions of these situations within 
the same individual may have differed to a certain extent and that the variance between the descriptions may 
have contributed to the prediction of SCS scores. If most participants had given similar responses in different 
situations, combining texts about them would not have increased useful information for prediction. This fact 
suggests that the degree of self-compassion within individuals may differ in different situations. This finding 
is consistent with previous studies showing that the factor loadings of the SCS questions differ between items 
related to general life challenges and personal inadequacy5. Moreover, the results are consistent with previous 
research showing that the degree of self-compassion varies within individuals depending on the situation and 
context30.

Interestingly, the combined text of Question 4, asking about behavior, predicted the SCS total score with 
higher accuracy than r = 0.50. The majority of the SCS scale items are related to cognition in distressing situations 
and, in contrast to the CEAS, there appear to be few items that directly measure behavior. Nevertheless, the 
free-response statements about behavior predicted the SCS total score with relatively high accuracy. This result 
suggests that people’s behaviors after distressing situations are significantly related to their self-compassion, 
measured by the SCS. This result would be consistent with previous meta-analyses showing that self-compassion, 
as measured by the SCS, is associated with adaptive coping45 and health-promoting behaviors46.

Prediction of the SCS subscales scores
The combined texts could predict each subscale score with moderate to high accuracy. Predictions based on 
the combined texts of Question 2 tended to be higher than predictions based on the combined text of the 
other questions. Predictions by Question 2 predicted all subscales with a high accuracy of about r = 0.5–0.6. 
Overall, predictions of SCS subscale scores tended to be less accurate than predictions of the SCS total score. 

SCS CEAS PHQ-9 PSS PANAS-NA PANAS-PA SWLS

SCS (true) –
0.55*** − 0.58*** − 0.65*** − 0.63*** 0.50*** 0.56***

[0.50, 0.60] [− 0.62, − 0.53] [− 0.69, − 0.61] [− 0.67, − 0.59] [0.44, 0.55] [0.51, 0.60]

SCS (predicted) –
0.38*** − 0.38*** − 0.47*** − 0.44*** 0.38*** 0.40***

[0.32, 0.44] [− 0.44, − 0.32] [− 0.52, − 0.42] [− 0.49, − 0.38] [0.31, 0.44] [0.34, 0.46]

CEAS (true)
0.55***

–
− 0.30*** − 0.36*** − 0.30*** 0.48*** 0.39***

[0.50, 0.60] [− 0.36, − 0.23] [− 0.42, − 0.30] [− 0.37, − 0.24] [0.43, 0.54] [0.33, 0.44]

CEAS (predicted)
0.47***

–
− 0.29*** − 0.30*** − 0.30*** 0.24*** 0.25***

[0.41, 0.52] [− 0.35, − 0.22] [− 0.37, − 0.24] [− 0.36, − 0.23] [0.17, 0.30] [0.18, 0.32]

Table 5.  Relationship between the true and predicted scores of the Self-Compassion Scale/Compassionate 
Engagement and Action Scales and other variables. SCS, Self-Compassion Scale; CEAS, Compassionate 
Engagement and Action Scales; PHQ-9, Patient Health Questionnaire-9; PSS, Perceived Stress Scale; PANAS, 
Positive and Negative Affect Schedule; NA, Negative Affect; PA, Positive Affect; SWLS, Satisfaction with Life 
Scale. Values in square brackets indicate the 95% confidence interval for each correlation. ***p < 0.001.
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This result may reflect that the SCS subscale scores were less reliable than the total ones (see alpha coefficients 
in Supplementary Table 1) or because self-compassion, as a superordinate concept of the subscales, was better 
suited for free-text prediction than the constructs that the subscales were measuring.

The prediction accuracies of certain SCS subscales varied. For example, the Self-Judgement and Over-
Identification subscales exhibited higher prediction accuracies than others. This result aligns with the relatively 
high reliability (as indicated by Cronbach’s alpha coefficients; see Supplementary Table 1) of these subscales, 
which are the prediction targets. In contrast, despite its high alpha coefficient, the Self-Kindness subscale did 
not show high predictive accuracy. This may be due to cultural factors specific to the Japanese context. In Japan, 
where self-criticism or self-effacement is sometimes socially acceptable and adaptive47, attitudes and behaviors 
reflecting self-kindness may be less familiar or less explicitly expressed in free-text responses. Consequently, the 
model may have struggled to identify consistent signals for predicting this subscale. This highlights the need for 
further exploration of how cultural norms influence the expression of self-compassion traits.

Prediction of the CEAS total score
Predictions by each text predicted CEAS total scores with low to moderate accuracy. Moderate (r > 0.30) 
predictive accuracy was achieved by the texts for Questions 1 and 4. The CEAS measures engagement in 
recognizing and confronting distress under challenging situations and action to relieve that distress. Question 
1 asks about general thoughts in difficult situations and is presumed to be related to engagement; Question 4, 
which asks about behaviors, is presumed to be related to action. Thus, the predictive accuracy of the texts for 
these two questions was high. Unlike Questions 1 and 4, the prediction accuracy of Question 3, which asked 
about thoughts toward others, remained low. This finding suggests that the association between CEAS scores 
and perceptions of other people in situations in which one is suffering is weak. The CEAS does not include items 
on common humanity/isolation as in the case of the SCS5. The fact that the predictive accuracy of each question 
is different for SCS and CEAS indicates that the two scales have different relationships with cognitions and 
behaviors in challenging situations.

Predictions based on the situation-specific combined texts improved in accuracy over predictions based on 
a single free text. This trend is similar to the SCS results, suggesting that combining open-ended texts from 
different questions may have increased the information used to predict CEAS scores. Similarly, combining the 
free texts for each question improved accuracy over predicting by a single free text. This finding is similar to 
those obtained when predicting the SCS total score. It is also consistent with the result30 that the degree to which 
self-compassion occurs depends on the context and situation.

Relationship between the true and predicted scores of the SCS/CEAS and other variables
The correlation patterns between the predicted SCS and CEAS scores and other variables (depression, 
stress, negative and positive affect, and life satisfaction) were similar to that found for the true scores of each 
questionnaire scale (although the absolute values of the correlation coefficients tended to be smaller than the 
true scores). This result suggests that the scores quantified from the free texts have a certain criterion-relevant 
validity.

The study’s contribution
This study showed that BERT can predict participants’ trait self-compassion with high accuracy by analyzing 
short open-ended statements collected by presenting prompts asking about thoughts and actions in challenging 
situations. The text data used in the study were collected by prompts with more open-ended responses than 
in previous studies, and highly accurate prediction of psychological constructs was found to be possible even 
with short open-ended responses that cannot be answered with a Yes/No answer and with relatively small 
training data (about 1000). Furthermore, the prediction scores obtained by BERT were shown to have a certain 
criterion-relevant validity. Furthermore, as in previous studies9, we found that combining the participants’ free 
descriptions resulted in higher accuracy, indicating that when quantifying psychological constructs based on 
free descriptions, it is better to collect several different descriptions.

Traditionally, rating scales have been widely used in psychological research to measure psychological 
constructs. However, in the real world, when people express their psychological states, they usually use natural 
language with a degree of freedom10. Moreover, people believe that open-ended responses allow them to recall 
their psychology more clearly and express it more accurately than rating scales and that some people prefer 
open-ended responses to questionnaires11. Of course, questionnaire scales have the advantage of being quick 
and easy to administer. This study demonstrates that quantifying human psychology objectively based on open-
ended statements is possible. Furthermore, its results suggest that methods for quantifying psychology through 
open-ended statements can complement conventionally used rating scales9.

The prompts used in this study ambiguously asked about thoughts and actions in challenging situations. They 
were characterized by their lack of presenting the concept of self-compassion directly. However, a rating scale 
such as the SCS measures self-compassion by presenting the concept of self-compassion itself (e.g., "be kind 
to yourself ") and then asking the participants to rate themselves on whether they fit the concept. Presenting 
the self-compassion concept in this way may serve as a kind of priming to participants or cause them to have 
some preconceived notion48. In East Asia, including Japan, where self-criticism is sometimes considered a virtue 
and the SCS score is lower than the West49, self-compassion is an unfamiliar concept and may serve as a more 
robust primer. Additionally, in contexts such as experiments and interventions, direct use of questionnaire 
measures, such as the SCS, may raise the issue of demand characteristics50, in which participants may take on 
the experimenter’s intentions. A natural language measure such as the one used in this study does not directly 
present the concept of self-compassion to participants. Thus, participants may find it challenging to guess what 
is being measured, thus reducing the priming and demand characteristics problems. Therefore, quantification 

Scientific Reports |        (2025) 15:25778 9| https://doi.org/10.1038/s41598-025-02801-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


of self-compassion through natural language, in addition to conventional rating scales, is expected to be used in 
future surveys, experiments, and interventions.

Furthermore, analysis with BERT can reveal whether the rating scales (and their scores) are associated with 
free descriptions of people’s behavior and other aspects51. The present study also found results suggesting that 
thoughts and actions in difficult situations and the degree to which self-compassion occurs may differ from 
situation to situation to a certain degree and that the SCS score is significantly related not only to cognition 
(thoughts) but also behavior. Additionally, the CEAS, unlike the SCS, was found to be less related to thoughts 
about others and oneself (compared to general thoughts). This finding revealed how the two scales reflect different 
aspects of self-compassion. Thus, this study also made a theoretical contribution regarding self-compassion 
based on the texts described by the participants themselves.

Furthermore, this study contributes to the theoretical understanding of the benefits of combining multiple 
textual inputs for psychological prediction tasks compared to individual text analysis. While individual texts 
provide valuable information, combining multiple texts increases the diversity and richness of input data, which 
can enhance predictive accuracy. This approach leverages the variability across different contexts, reflecting 
the multifaceted nature of psychological constructs such as self-compassion. For instance, the combination of 
texts from varied situations, such as experiences of suffering, personal shortcomings, and significant mistakes, 
captures the various situational aspects of self-compassion. This finding aligns with the conceptualization of self-
compassion as a dynamic trait that varies across contexts and situations52. By aggregating multiple perspectives 
from the same individual, we can achieve a more comprehensive and nuanced measurement, which is difficult 
to obtain from isolated texts.

As demonstrated in this study, the framework for psychometric measurement using free-response methods 
can be applied to self-compassion and various other psychological constructs. This approach is still in its infancy, 
and the psychological constructs that can be measured using free-response methods are limited to a few. It is 
hoped that in the future, more psychological constructs can be measured using free-response methods.

Limitations and future directions
One limitation of this study is the relatively small dataset for fine-tuning the BERT model. While small datasets 
can risk overfitting or limited generalizability, we mitigated these issues by employing a nested cross-validation 
approach rather than standard cross-validation. Unlike standard cross-validation, nested cross-validation 
is computationally intensive but provides a more robust estimation of model performance42,43. This method 
reduces the risk of overfitting and minimizes the potential for overestimating the model’s accuracy when applied 
to unseen data. However, the current dataset was collected from a specific population of Japanese crowd-sourcing 
platform users aged 18 to 70. It may not represent a broader and more diverse demographic and psychological 
population. Additionally, expression related to self-compassion may vary across cultures. For example, in East 
Asian cultures, including Japan, self-compassion may be influenced by social norms that sometimes value 
self-effacement and humility47. Such cultural factors could affect how participants articulate their thoughts 
and behaviors in challenging situations, thereby shaping the free-text data used to train the model. The BERT 
model fine-tuned on Japanese free-text data may perform differently when applied to data from individuals in 
cultures with different norms and values surrounding self-compassion. Thus, future research could expand to 
larger and more diverse datasets, including samples from different demographic backgrounds, cultural contexts, 
clinical groups, and psychological profiles, which would improve the robustness and applicability of BERT-based 
predictions and ensure that the utility of the model extends beyond the specific sample used in this study.

While BERT has demonstrated superior performance in recent studies quantifying psychological 
constructs8,9,13,24,27, this study did not directly compare its performance to other NLP models or simpler 
alternatives. BERT’s bidirectional transformer architecture and fine-tuning capabilities make it highly effective 
for capturing complex linguistic patterns in free-text responses. It was selected as the primary model for this 
research. Previous research has suggested that fine-tuning is useful for prediction tasks involving texts with a 
high prevalence of negative affect words41, we adopted an approach involving fine-tuning the pre-trained BERT 
model. However, future research can explore the potential of alternative models. For example, methods such 
as latent semantic analysis or pre-trained language models without fine-tuning53 could be considered. These 
approaches often require less computational resources and might provide comparable predictive accuracy in 
certain scenarios. Investigating such alternatives would offer practical insights, especially for researchers seeking 
a balance between prediction accuracy and computational efficiency.

Conclusion
This study provides novel insights into quantifying self-compassion using free descriptions and BERT. This 
methodological approach complements traditional rating-scale-based measures by offering a more flexible 
alternative for psychological assessment, paving the way for broader applications. This approach could be 
extended to other psychological constructs, offering a robust framework for analyzing free-text data in future 
studies and providing a valuable tool for researchers and practitioners. Future research should explore the 
application of this methodology across diverse populations and psychological constructs to further validate 
and refine its utility. Expanding the dataset size and diversity could also improve predictive accuracy and 
generalizability.

Data availability
The datasets analyzed during the current study are available from the corresponding author on reasonable re-
quest.
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