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Abstract

The paper proposes the method of multilabel classification for identifying hidden psychological
conditions in online posts was proposed. The method consists of the stages of tokenization, neural
network analysis of texts and the formation of conclusions about the presence of hidden psychological
conditions. The features of the tokenization stage are the addition of special tokens to fix the boundaries
of text fragments, supplement or trim the text to the length of a given dimension. At the stage of text
analysis, the presence of each type of hidden psychological conditions is determined by a separate neural
network model. The output of the method is the conclusion about the presence of each type of conditions
with their numerical measures of manifestations. The created method allows to obtain in the models an
improved ability to distinguish specific features for each type of psychological condition, due to training
on modified sets of text data, which reduces the probability of confusion between conditions, since the
model learns to distinguish their characteristic features. The developed method provides an average value
92.3% of the Fi metric for multilabel classification of hidden psychological conditions, while existing
analogues provide an average value 64.5% of the Fi metric for multiclass classification.
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1. Introduction

With the development of digital technologies and social networks, the amount of user-generated
content is growing rapidly [1, 2]. Social networks, blogs, forums and other online platforms have
become an important source of information about peoples psychological state [3, 4]. Analysis of
this content opens up new opportunities for detecting hidden psychological conditions at early
stages, which allows for timely intervention and provision of assistance [5]. Psychological health
has become a serious problem after the COVID-19 pandemic, and many researchers have applied
various ML and DL algorithms to social network data for prediction and analysis of mental health
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Current methods for diagnosing hidden psychological conditions are mainly based on clinical
interviews, standardized psychometric questionnaires, and observation by specialists [7]. Although
these approaches are generally recognized and widely used in practical psychology, they have a
number of limitations that reduce their effectiveness in the context of timely detection of hidden
psychological conditions, especially in the digital environment [8]. First of all, they require direct
participation of a person who is not always ready or able to seek help, which leads to a delay in
diagnosis [9]. In addition, such methods may not take into account contextual changes in the
behavior of the individual outside the clinical environment, which limits the depth of
understanding of his real psychological state. The subjectivity of self-assessment, cultural
characteristics of perception, and social pressure can also contribute to the distortion of the results
[10]. In the digital age, when much of emotional expression is transferred to the virtual space,
traditional diagnostic approaches are not always able to effectively process voluminous,
unstructured data that reflect the real psychological difficulties of users [11, 12]. That is why there
is a need for new methods that can integrate automated analysis of digital communications for
more accurate and sensitive diagnosis of hidden psychological conditions [13].

The main goal of the paper is to create the multilabel classification method for identifying
hidden psychological conditions in online posts, which differs from existing ones in the ability to
identify several psychological conditions at once, and not just the dominant one, without losing
accuracy compared to multiclass classifications.

The main contributions of the paper can be summarized as follows:

e the multilabel classification method for identifying hidden psychological conditions in
online posts has been developed;

o the effectiveness of the developed multilabel classification method for identifying hidden
psychological conditions has been experimentally proven, which allows, unlike existing
ones, to distinguish specific features for each condition, which is implemented by training a
set of neural network transformers on specifically formed datasets.

2. Related works

For many years, the scientific community has been investigating monitoring approaches to detect
certain hidden psychological conditions and risky behaviors, such as depression, eating disorders,
gambling, and suicidal ideation, among others, in order to activate prevention or mitigation
strategies and, in severe cases, clinical treatments [14].

Social networks are increasingly used as a source of data for psychological research, in
particular for the early detection of depressive symptoms [15]. In this context, machine learning
methods play a key role, as they allow processing large amounts of data [16, 17], predicting the
probability of hidden psychological conditions, and modeling the effectiveness of potential
diagnostic approaches [18].

Work [19] aims to deepen the understanding of the linguistic manifestations of hidden
psychological conditions and improve the explainability of deep learning models in this area. The
problem of detecting psychological states is considered as an important public health task and the
use of computational methods for detecting risky behavior in the online environment based on the
analysis of data from social networks is proposed. Special attention is paid to the complexity of
interpreting modern deep learning models based on neural networks in the context of automated
diagnosis of hidden psychological conditions. The work proposes a multi-level interpretation of
models that goes beyond classical techniques, and includes the analysis of hidden layer activations
and errors related to emotional characteristics and thematic content of texts. The study was
conducted on the basis of data from the social platforms Reddit and Twitter, the annotation of
which covers four psychological conditions: depression, anorexia, post-traumatic stress disorder,
and a tendency to self-harm.



The authors [20] emphasize the role of Natural Language Processing (NLP) and transformative
models, such as BERT and GPT-4, in detecting emotional disorders through speech analysis. An
approach is proposed that allows classifying human emotional states into six categories using a
transformative architecture trained on a large English-language corpus. The model achieved
accuracy of over 94% across all categories, demonstrating generalizability and stability of results on
validation data. The paper emphasizes the potential of NLP models as tools for self-analysis and
psychological health support, in particular through scalable support, language adaptation, and
integration into decision-making processes.

The authors [21] investigated various linguistic indicators of psychological conditions based on
the use of BERT architectures [22]. In the task of classifying 8 hidden psychological conditions, the
authors achieved an accuracy of 0.645 according to the F; metric.

The article [23] considers the problem of detecting suicidal behavior through the prism of
emotional analysis of suicide-related texts. The authors note that traditional studies mainly focus
on identifying suicidal statements themselves, but leave out of consideration an in-depth analysis
of the emotional state that precedes such tendencies. The proposed approach is based on
identifying key negative emotions - such as anger, anxiety, guilt, fear, stress and sadness - in texts
from social networks and suicide notes. For this purpose, a new method of assessing suicidal risk
was introduced, which covers different levels of risk: from ideation to suicide. The authors
proposed the CoDyn-BMHSA-CNN model, which combines bilateral LSTMs, multi-head attention
mechanics and a convolutional network, which allows capturing the context and maintaining
semantic flexibility in sequences of different lengths.

The results of the analysis of related works in the field of identifying mental disorders based on
user content analysis revealed a rather low accuracy in multi-class classification, as well as the
inability of existing models in research to identify several hidden psychological conditions
simultaneously.

3. Problem statement

The existing multi-class classification when detecting hidden psychological conditions allows you
to detect the most pronounced condition, while other types of psychological conditions are
considered absent. This leads to a loss of time and missed opportunities to provide psychological
assistance at the initial manifestations of psychological conditions [24]. Also, when detecting a
more pronounced, but less important condition, less pronounced, but more severe psychological
conditions may be missed. This situation contradicts the goals of the United Nations Development
Program (UNDP), in particular, goal No. 3 «Good Health» [25].

When using multi-label classification, the problem of losing less pronounced hidden conditions
disappears, but the problem of low classification accuracy arises, which is also present in multi-
class. The problem of low accuracy is associated with the lack of correctly formed training data
that would be labeled by specialists and would contain a sufficient number of records for training
[26].

Another relevant problem in the task of detecting hidden psychological conditions is the
presence of cross-features between different types of psychological conditions in text content,
which complicates accurate classification. It is hypothesized that in order to increase the reliability
of identifying hidden psychological conditions, it is necessary to carefully form training samples,
where the target class will represent a separate type of psychological condition, and the control
class will combine other types of hidden psychological conditions and texts without psychological
condition features. In addition, it is assumed that the approach using a set of binary classifiers can
provide higher efficiency compared to a single multi-class model. Therefore, it is necessary to
develop a method that would take into account all the above-described aspects, as well as create
software to study its efficiency.



4. Method design

The proposed method of multilabel classification for identifying hidden psychological conditions in
online posts performs automatic classification of text user content for identifying hidden
psychological conditions by their features.

The scheme of the method is shown in Figure 1. The input data of the method are: text for
analysis and a set of transformer models MTset (1) and a set of corresponding tokenizers MTTset

(2):

MTset ={mt;, mt,, ..., mt, } (1)

where mt; is the i-th transformer model, i=1,n, n — the number of transformer models, which
corresponds to the number of hidden psychological conditions for identification.

MTTset = {mtt,, mtt,, ..., mit, } (2)

where mtt; — i-th tokenizer of the corresponding transformer model from MTset, i=1,n, n — the
number of tokenizers corresponding to the of hidden psychological conditions number for
identification.

At stage 1, the text is tokenized for analysis by each tokenizer with MTTset for conversion into a
vector representation. Tokenization also includes adding special tokens, such as [CLS] at the
beginning and [SEP] at the end. Also, the text is supplemented or trimmed to the length of a given
dimension [27]. In this study, the maximum length of the text is 128 tokens.

At stage 2, the text tokenized by each tokenizer with MTTset is analyzed by the corresponding
neural network model with MTset. The result of this stage is an assessment from 0 to 1 of the
strength of manifestation of each of the studied mental disorders.

Input data:
— text for analysis;
— set of transformer models A7 set:
— set of tokenizers A7 7Tset corresponding M7set models.

v

Stage 1: Tokenization of text by each M7 Tset tokenizer.

i

Stage 2: Analysis of tokenized text by each A/Tset neural network model.

i

Stage 3: Forming conclusions about the presence of each type of hidden
psychological conditions with their numerical measures of manifestations.

Output data:
— conclusion about the presence of each of 5 types of hidden psychological
conditions with their numerical measures of manifestations.

Figure 1: Stages of multilabel classification method for identifying hidden psychological conditions
in online posts.

Stage 3 is responsible for forming conclusions about the presence of each of the 5 studied types
of hidden psychological conditions with their numerical measures of manifestations. A
psychological condition is considered to be present if the strength of its manifestation is higher
than the threshold [28], which is established experimentally. In the study, the threshold is 0.5, but



it can be fine-tuned for the person being studied for each type of psychological conditions
individually.

The output of the method is the conclusion about the presence of each of the 5 types of
psychological conditions with their numerical measures of manifestations.

The key aspect of the method is the formation of input data, namely - trained transformer
models (MTset) and their tokenizers (MTTset). For training neural networks, training samples are
formed in a specific way: target and control classes. The target class consists of exclusively text
data with manifestations of the i-th psychological condition. To prevent confusion of psychological
conditions with each other and taking into account that in 1 text there may be manifestations of
other disorders, records in the control category are formed according to certain rules:

e the number of posts in the control category corresponds to or approaches the target (error
no more than 10 posts);

e the control category consists of equal proportions of the remaining texts with other types
of psychological conditions and texts that do not contain such manifestations, or contain
them to a very small extent (up to 0.3 on a scale from 0 to 1).

An example of dataset forming with class «Narcissistic condition» is shown in Figure 2.
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Figure 2: Dataset formation scheme using the example of «Narcissistic condition».

This distribution allows models to develop improved ability to distinguish between specific
features for each condition. This reduces the likelihood of confusion between conditions as the
model learns to distinguish between their characteristic features.

5. Experiment

5.1. Dataset for experiment

This study used two datasets to train psychological condition classification models. The first
dataset contains cleaned texts from Reddit, marked according to the presence or absence of
depressive states, «Depression: Reddit Dataset (Cleaned)» [29]. The total number of posts is 7650,
of which 3900 do not contain signs of depression or other psychological conditions. It was from



this resource that the records of users who do not show signs of psychological conditions were
selected.

The second dataset, «COMSYS-T1» [30], includes posts from Twitter, which are characterized
by the presence of linguistic markers inherent in different types of psychological conditions. The
total number of tweets is 740, of which 208 belong to the «Depression» class, 158 to the
«Narcissistic Condition» class, 154 to the «Anger/Intermittent Explosive Condition» class, 153 to
the «Anxiety Condition» class, and 112 to the «Panic Condition» class.

Both resources contain marked-up data covering both texts without signs of pathologies and
messages with potential hidden psychological conditions. Combining these datasets allows to form
training samples with a clear division into target classes of disorders and a control group [31]. This
helps to improve the ability of models to differentiate between different types of psychological
conditions.

5.2. Experiment description

To investigate the effectiveness of the multilabel classification method for identifying hidden
psychological conditions in online posts, the existing approach to multiclass classification was
compared with the existing multilabel classification approach and with the proposed approach
based on the use of a set of binary classifiers for each type of mental disorder.

The DistilBert neural network model was used and trained as a multiclass classifier for 5 classes:
«Narcissistic condition», «Anxiety condition», «Panic condition», «Anger / Intermittent Explosive
condition» and «Depression». The DistilBert model was trained for multiclass classification of the
above disorders, and the MTTset and MTset sets were also trained for each of the 5 types of hidden
psychological conditions.

For all experiments, software was created in the form of an IPython Notebook with CPU
runtime environments (for training 5 MTset models) and TPU v2-8 for training multiclass and
multilabel classifiers.

6. Results and discussion

Regarding the results obtained, with multi-class classification, the following results were obtained
by macro-metrics: Accuracy: 0.854, Precision: 0.867, Recall: 0.854, F;-score: 0.854. The confusion
matrix is shown in Figure 3.

Confusion Matrix

£
Anger/ Intermittent o 2 0 o
Explosive Disorder

Anxiety Disorder - o o
- 25
]
2
3 - 20
g Depression - 12 1
=
15
Narcissistic Disorder - o o
10
-3
Panic Disorder - 0 ] ] o 7

Anger/ Intermittent Anxiety Disorder Depression Marcissistic

Explosive Disorder Disarder

Panic Disorder
Predicted Labels

Figure 3: Confusion matrix for multiclassification.



As for the micrometrics for each class, which characterizes the presence of hidden psychological
conditions, their values are given in Table 1. The number of samples for analysis is 157.

Table 1
Micro-metrics of multiclass classification
Classes/Metrics Precision Recall F,-score

«Anger/Intermittent Explosive condition» 0.68 0.93 0.78
«Anxiety condition» 0.88 0.88 0.88
«Depression» 0.88 0.74 0.80
«Narecissistic condition» 0.96 1.00 0.98
«Panic condition» 0.94 0.81 0.87

According to the table, the model demonstrates the highest performance for the classification of
«Narcissistic condition» (Precision - 0.96, Recall — 1.00, F;-score - 0.98), while the classes
«Anger/Intermittent Explosive condition» and «Depression» have lower F;-measures (0.78 and
0.80, respectively). From the confusion matrix (Figure 3) and the metric values, it can be seen that
the classification of conditions is often accompanied by a significant number of errors between
classes. This may be due to the fact that different conditions have common symptoms and
manifestations, and several psychological conditions can be present in one text at the same time,
which contradicts the multiclass classification approach. The experiment with multi-label
classification also did not show high results, the following metric values were obtained: Precision:
0.878, Recall: 0.737, F-score: 0.801. The Precision value is higher compared to multiclassification,
but Recall and F;-score are lower. As in the previous experiment, there is significant confusion of
psychological conditions.

The last experiment was to train the sets MTTset and MTset for each of the 5 types of hidden
psychological conditions. The parameters of the neural network models were as follows: batch size
= 16, epoch = 5, learning_rate = 2e-5. With this approach, the results shown in Table 2 were
obtained.

Table 2
Metrics of binary models from MTset
Classes/Metrics Accuracy Precision Recall  Fi-score

«Anger/Intermittent Explosive condition» 0.934 0.934 0.934 0.934
«Anxiety condition» 0.869 0.863 0.87 0.866
«Depression» 0.843 0.864 0.845 0.841
«Narcissistic condition» 0.984 0.986 0.982 0.984
«Panic condition» 1 1 1 1

The confusion matrices of binary classifiers with MTset on the validation data are shown in
Figure 4 (a-e).

For the classes «Anger/Intermittent Explosive condition» and «Narcissistic condition», the
model showed high metric values, which indicates the possibility of clear identification of these
types of psychological conditions.

For the classes «Anxiety condition» and «Depression», slightly lower metric values are
observed compared to other classes. Although the model showed satisfactory results, some mixing
with other classes is possible, which may be due to the similarity of symptoms. The class «Panic
condition» shows 100% for all metrics, which indicates that the model copes well with the
identification of this condition, and this is confirmed by the confusion matrix shown in Figure 4(b).
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Figure 4: The confusion matrices of binary classifiers:
a) «Narcissistic condition» class; b) «Panic condition» class; ¢) «Anxiety condition» class;
d) «Depression» class; e) «Anger/Intermittent Explosive condition» class.

Regarding the errors obtained in «Anxiety condition» and «Depression» (Figures 4(c) and 4(d)),
they are not critical, since non-target classes are incorrectly identified.

Figure 5 shows a comparison of the multiclass classification approach and the binary one for the
Precision, Recall, and F;-score metrics.
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Figure 5: Comparison of binary and multiclass classification approaches.

From Figure 5 and Tables 1, 2 it is clear that for the most part the binary approach has an
advantage over the multiclass one. By using the binary approach, it was possible to increase the
identification of «Anger/Intermittent Explosive condition» by the Precision metric by 25.4%, by the
Recall metric by 0.4%, and by the F;-score metric by 15.4%. The identification of «Depression» by
the Precision metric decreased by 1.6%, but by the Recall metric increased by 10.5%, and by the F;-
score metric increased by 4.1%. For the class «Narcissistic condition», Precision increased by 2.6%,
Fi-score increased by 0.4%. However, Recall decreased by 1.8%. For the class «Panic Disorder», it
was possible to achieve an increase in the values of the metrics as follows: Precision increased by
6%, Recall by 19%, and Fi-score increased by 13%. For the class «Anxiety condition» improvement
was not achieved.

Regarding the comparison with similar studies, in [21] F; for multiclass classification was about
0.645, with the proposed BERT-trained model for multiclass classification 0.854 was obtained, and
with binary classification the average metric value was 0.923.

Therefore, the proposed approach contributes to increasing the correct detection of hidden
psychological conditions, and allows detecting within one user text not only the most pronounced
disorder, but also other existing hidden psychological conditions, provided that the disorder is
considered to be present.

7. Conclusions

The multilabel classification method for identifying hidden psychological conditions in online posts
was proposed, which performs automatic classification of text user content for identifying hidden
psychological conditions by their features. The method consists of the stages of tokenization,
neural network analysis of texts and the formation of conclusions about the presence of hidden
psychological conditions. The features of the tokenization stage are the addition of special tokens
to fix the boundaries of text fragments, supplement or trim the text to the length of a given
dimension. At the stage of text analysis, the presence of each type of hidden psychological
conditions is determined by a separate neural network model. The output of the method is the
conclusion about the presence of each type of psychological conditions with their numerical
measures of manifestations. The created method allows to obtain in the models an improved ability



to distinguish specific features for each type of psychological condition, due to training on
modified sets of text data, which reduces the probability of confusion between conditions, since the
model learns to distinguish their characteristic features. The developed method provides an
average value 92.3% of the F, metric for multilabel classification of hidden psychological conditions.
While existing analogues provide an average value 64.5% of the F; metric for multiclass
classification.

The minimum F; metric value for the developed method is 84.1% (for the "Depression” hidden
psychological condition). It has been found that there are certain difficulties with the classification
of some conditions, in particular «Anxiety condition» and «Depression», which may be related to
their clinical similarity. This requires further research to improve the model and, possibly, to
involve additional data or other text characteristics to increase the accuracy of classification.
Further research will be aimed at expanding the training data sets and studying other types of
psychological conditions, in addition to the 5 considered, and at improving the metrics for the
considered hidden psychological conditions.
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