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Abstract

The early detection of psycho-emotional risks remains challenging despite its growing
importance. Most existing models rely on a single data type, mainly questionnaires or
text, and operate as “black boxes”, limiting practical use. Psycho-emotional states are
multidimensional, reflected in textual, structured, and temporal digital signals. Ignoring
this complexity may result in information loss and lower prediction accuracy. This paper
presents an explainable text-based computational framework for psycho-emotional risk
classification using public datasets. Record-level structured information was used only
when it was available within the same original observation and was not created by matching
records across datasets. The study did not integrate observations across datasets or perform
cross-dataset fusion; these aspects are considered potential directions for future research.
Implemented in Python using PyTorch, the model was evaluated on two open-text datasets.
The BERT-based configuration achieved accuracy of 0.593 £ 0.009 and an ROC-AUC of
0.860 & 0.006, while RoBERTa-base improved the performance to 0.666 £ 0.005 accuracy and
a 0.896 £ 0.004 ROC-AUC under five-fold cross-validation. The results demonstrate that
classification quality depends on encoder selection, preprocessing, dataset characteristics,
duplicate handling, calibration, and the way that available record-level information is
represented. Therefore, the findings should be interpreted as record-level computational
classification results rather than the clinical validation of psycho-emotional risk assessment.

Keywords: explainable artificial intelligence; psycho-emotional risk prediction; transformer
models; text-based classification; probabilistic calibration; interpretable machine learning;
performance evaluation

1. Introduction

In recent years, Al methods have been increasingly used in the task of analyzing
psycho-emotional states. This is particularly evident in the educational environment,
where interest in the early detection of stress conditions and anxiety among teenagers and
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students is growing. Machine learning models, trained on psychometric data, show high
accuracy in a number of tasks [1,2], and reviews over recent years show rapid growth in
such solutions, including ensemble methods and deep neural networks [3,4]. However, a
deeper examination reveals that most of these approaches remain rather isolated and they
are not always ready for implementation in real information systems.

One of the reasons is the focus on unimodal data. Many of the models still use only
questionnaire indicators or standardized scales [5,6]. On the one hand, this makes them
convenient and interpretable. On the other hand, such data represent only a subjective
state at a given time. Meanwhile, psycho-emotional processes are dynamic and depend on
physiological and behavioral factors. As a result, the model reveals only part of the picture,
and other aspects “remain behind the scene”.

Physiological states, wearable sensors, and visual cues are relevant for future advance-
ments in the analysis of psycho-emotional risks, as affective states can be reflected not
only in language but also in bodily and behavioral reactions. Previous studies of heart
rate variability (HRV), electrodermal activity (EDA), surface electromyography (SEMG),
facial emotion recognition, and attention-based visual analysis show that such channels can
provide additional information in broader affective computing systems [7-12]. However,
these modalities were not available in the datasets used in this study and were not included
in the model’s training or evaluation. Therefore, in this paper, they are discussed only
as possible future extensions, while the experimental scope is limited to text records and
structured indicators at the record level.

A separate area of research is connected with text-based information. Social media
and digital communication contain a large number of signals, reflecting users’ emotional
states. Modern transformer models allow the extraction of such signals more effectively.
However, even here, most solutions remain unimodal, without taking into account possible
links with other structured indicators. Attempts to combine different data types are being
made within multimodal training approaches [13,14]. It is important to clarify that the
experimental verification presented in this article was conducted only in the “text + record-
level structured textual indicators” configuration. Physiological signals and integration
with wearable devices are considered by us as a conceptual expansion of the architecture
for the future, and they were not actually used in the described experiments. Previous
research shows that the integration of heterogeneous sources can increase robustness;
however, in this pilot study, we considered only text data and structured indicators of crisis
situations [15]. Moreover, attention mechanisms allow the modeling of interactions between
modalities more flexibly than the simple concatenation of features [16,17]. However, despite
these results, most decisions still remain fragmented—multimodality is often added “on
top”, not built into the foundation of the architecture.

Interpretability remains an equally important problem. With increasing model com-
plexity, transparency decreases. Although explainable machine learning methods are
developing actively [18,19], and their importance for mental health monitoring tasks is
highlighted in a number of works [20], in practice, interpretation is often seen as an addi-
tional stage, not as part of the model itself. This limits the trust in such systems and their
application in sensitive areas [21].

The time factor makes this situation more challenging. Psycho-emotional states change
over time, reacting to external and internal impacts. It is evident that accounting for
temporal dependency relationships can significantly improve the quality of models [22,23].
However, many approaches continue to use aggregated features, smoothing patterns and
losing major transitional states.

Finally, another aspect that is often overlooked is the calibration of probabilities. In
applied problems, it is important not only to predict a class but also to correctly assess the
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level of model confidence. Despite the high accuracy values and F1-measures in a number
of works [2,24], metrics of calibration, such as the Brier score, are rarely used. This may
lead to the overestimation or underestimation of risks and reduce the practical importance
of decisions.

In practice, despite the achievements, a number of unresolved problems remain.
Existing methods suffer from three main restrictions:

1. A lack of multimodal integration;
2. Poor interpretability;
3. Alack of probabilistic calibration.

First, a scalable multimodal architecture unifying text data for predicting psycho-
emotional risk is proposed. In this study, the term “psycho-emotional risk” refers to a
categorical, modeled construct based on the delineation of public datasets. This is not a
clinically validated psychiatric diagnosis or standard psychometric tool. The proposed
system should be viewed as an experimental computational model, designed to identify
risk patterns in digital data, rather than a tool for clinical diagnosis.

Throughout the article, we use the term “psycho-emotional risk” as a non-clinical,
operational, generalizing designation for categorical states, defined by the structure of the
dataset (for example, crisis state level). This term is selected for ease of presentation and
should not be perceived as a standardized psychiatric concept. The term “psycho-emotional
risk” was chosen not because it is a standard clinical term but because the datasets do
not provide a clinically validated scale for distress or mental health risk. It is an opera-
tional label for the classes defined by the dataset. Therefore, the model does not measure
psychological states as a clinical tool but rather classifies digital patterns within the given
labeling. It is important to distinguish between computational modeling, digital technol-
ogy approaches, and clinically validated psychological assessment methods. The latter
are based on standardized procedures and professional interpretation by specialists. The
present work, in turn, focuses on recognizing patterns using machine learning techniques
in multimodal digital signals. This distinction is necessary to avoid overestimating the
practical and clinical value of the proposed model.

The proposed architecture was originally designed as an extensible computational
framework. However, in the present experimental study, the evaluated configuration was
limited primarily to textual records. Record-level structured information was used only
when an independent non-label structured field was available within the same original
observation. No observations were matched across datasets, and no synthetic physiolog-
ical, wearable-sensor, visual, or behavioral inputs were created. Therefore, the reported
experiments should be interpreted as the evaluation of a text-based computational pipeline
with optional same-record auxiliary structured information, not as the validation of a fully
synchronized multimodal fusion system.

Interpretation is initially embedded in the architecture: methods of feature attribution
signs and weight analysis are used, which allow the monitoring of the contribution of
data sources to the final decision. Additionally, the model is oriented toward obtaining
calibrated probabilistic estimates, which are essential for practical use.

Experimental testing was conducted on two public text-based datasets. The evaluated
configuration was limited to textual records and record-level structured indicators when
available. Physiological, wearable-sensor, visual, and continuous behavioral modalities
were not used in model training or evaluation. Single-modal baseline models and the
proposed approach are considered, and both performance and calibration metrics are
evaluated.

In this paper, the following key results and provisions are presented.
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First, a scalable multimodal architecture unifying text data and structured psycho-
emotional state indicators within a single system is proposed. In addition, the architecture
initially provides the possibility of expansion through the connection of physiological class
modalities. Second, the implemented pipeline includes a feature-level integration step that
can combine available within-record representations when more than one independent
input field is present. This integration should not be interpreted as the synchronization
of independent multimodal streams, since physiological, wearable-sensor, visual, and
continuous behavioral data were not available in the datasets and were not used in the
reported experiments. Third, the procedure of probabilistic calibration (temperature scaling)
is built into the architecture. It is not seen as an external post-processing step but as part of
the overall model logic, associated with risk assessment formation.

Special attention is paid to the statistical verification of model stability. The study
uses cross-validation, confidence intervals, and testing of the statistical significance of
differences between models. Finally, an empirical test was carried out on two independent
open datasets, which allows us to discuss the generalizability of the model and its portability
beyond one specific dataset.

The remainder of the article is structured as follows: Section 2 describes the data, the
methods of their processing, and the model architecture. Section 3 presents the experi-
mental results and their analysis. Section 4 is devoted to the discussion of the obtained
results and limitations. In Section 5, the main conclusions and future research directions
are formulated.

A summary comparison of the proposed approach with standard solutions is presented
in Table 1.

Table 1. Comparative positioning of the proposed approach within the experimentally
evaluated scope.

Studv Tvoe Multimodal Attention-Based Built-In Statistical Cross-Dataset
yyp Fusion Calibration Validation Testing
NFfEX;ggle}is No No Rare Limited Rare
P;}izli%‘?ecfs - No No No Partial Rare
Basic .
multimodal Partial Often snnple No Limited Rare
fusion concatenation
Available
Iz;(gzl(ge_d feature-level
Proposed model  limited/record- integration wgen Ye;fltemperaturcel Yes (CV+Cl+ Yes
level text-based same-recor scaling integrated) t-test)
configuration auxiliary fields

are present

Table 1 illustrates the positioning of the proposed approach solely within the context
of a field-tested experimental setup. This comparison does not imply that physiologi-
cal, wearable-sensor, visual, or behavioral extensions have been empirically validated.
The novelty of this work is limited to the integration of a transformer-based text repre-
sentation, structured indicators at the record level, probabilistic calibration, and inter-
pretability into a single reproducible computational pipeline. Therefore, the contribution of
this paper should be understood as an integration and validation protocol for the tested
“text + structured features” configuration, rather than as a fully validated multimodal
clinical monitoring system.
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2. Materials and Methods
2.1. Overall Framework

The proposed framework was implemented as a controlled record-level classification
pipeline. In the reported experiments, the input consisted of textual records transformed
into contextual embeddings using transformer-based encoders. Where same-record auxil-
iary non-label structured information is available in future extensions, it may be incorpo-
rated before the classification layer; however, the final quantitative experiments reported in
this study were primarily text-based [5,6].

The broader architecture was designed to be extensible and may support physiological,
wearable-sensor, visual, and continuous behavioral data in future studies [25,26]. These
modalities are shown only as conceptual extensions in Figure 1 and are not part of the
empirical evaluation reported in this manuscript. The main implemented pipeline includes
text preprocessing, transformer-based representation, classification, probability calibration,
and explainability analysis [27,28].

Stage 1 Stage 2 Stage 3

Multimodal Feature Temporal Embedding Leaming Probabilistic Risk Calibration
Extraction

'@ N G 2

f E 7 |
Geeo=E13 N
Wearable & Self- Temporal Embedding Probabilistic
Report Data Learning Risk Calibration

» Physiological Features » Cross-Modal Attention » Probability Calibration

» Behavioral Features » LSTM / Memory Modeling » Confidence Estimation

» Textual Embedding Temporal Representation

Output: Multimodal Ht
Representation Z; ‘

Output: Risk Score R

» Physiological Features SMDOra 0 - ¥ 5

» Behavioral Features DACIngG » Risk Score

» Textual Features H, R
L L 4) L -, /
mmmm Multimodal Processing msssm Temporal Modeling mmmm Risk Calibration —— Data Flow =

Figure 1. Conceptual overview of the proposed extensible framework. The quantitative experiments
reported in this study were based on textual records, while non-evaluated modules are shown only
as possible future extensions.

The empirical implementation used in this study is described in Sections 2.2-2.7.
Conceptual extensions that were not evaluated experimentally are not included in the
reported results.

2.2. Dataset Description

For the evaluation of the proposed architecture, two datasets were used, differing
in their origin and structure. Two public datasets were used in the pilot study. Both
datasets contained textual information, and one additionally included structured indicators
of psychological crisis [29]. This decision was made because, in the task of analyzing
psycho-emotional states, models often show the best results within one dataset, and,
when transferred to other conditions, their persistence may decrease [2,30]. The use of
several sources allows for a more objective evaluation of a model’s ability to detect stable
patterns [14].
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The first dataset represents an open dataset, oriented toward analyzing textual
symptoms of the psycho-emotional state. In particular, the Psychological Crisis Dataset
was used, which contains approximately 1000 text entries, labeled by the level of
psycho-emotional risk.

After preprocessing, including the removal of missing entries and duplicated records,
the total number of unique observations in the Psychological Crisis Dataset was N = 1000.
The class labels were taken from the original structure of the dataset and were not manually
modified in this study. It is important to highlight that the class labels in the dataset were
used as provided by the creators of the dataset on the Kaggle I platform. These labels
are not clinically validated and have not been confirmed by psychodiagnostics in our
study. Therefore, they are treated as data-driven categories (digital proxies), suitable for
computational modeling and comparative model assessment, but not as equivalent to
clinical diagnoses or standardized psychometric scales.

The second dataset, the Reddit Mental Health Dataset, includes user messages from
thematic communities. The experiment used a subsample of N = 4420 text messages after
deleting incomplete records and duplicates. The original dataset contained 5957 records.
The class markings were consistent with the original dataset categorization and were not
manually modified. Separately, it should be noted that labeling on social media platforms
is often indirect by nature: it can rely on self-description, selection rules, automatic signs,
or weak supervision—depending on how the dataset was originally formed. As a result,
under such conditions, the model can significantly distinguish between linguistic and
stylistic clusters but not stable mental states in the clinical sense. Thus, the interpretation
of the results in this work is limited to computational modeling and does not transfer
directly to clinical findings. The final sample shows five categories of psycho-emotional
states; after cleaning, the distribution of classes ranged from 809 to 974 observations per
class, which indicates moderate imbalance without artificial rebalancing. Sub-sample data
have been used to achieve comparability among the experiments, derived from the body of
the data, containing several thousand text messages representing different categories of
psycho-emotional states.

In both cases, the data were converted into a common preprocessing format for model
training and evaluation. However, this formatting does not imply the direct matching,
merging, or synchronization of individual observations across datasets. Despite differences
in sources, both datasets contain categories reflecting various emotional and psychological
states of users. For the experiments, a stratified data split was applied while preserving
the class distribution. An 80/20 split (training and test samples) was used, which is in line
with widespread practice in tasks of analyzing psycho-emotional data [24]. The test sample
size was 10% of the total data volume for each dataset, corresponding to 100 observations
for the Psychological Crisis Dataset and 442 observations for the Reddit Mental Health
Dataset after clean-up. In addition to the fixed breakdown into training and test samples,
5-fold cross-validation was applied to assess the stability of the results. In each fold, the
model was taught independently and the final metrics were calculated as averages across
all partitions. This approach reduces the impact of the random initialization of weights
and the characteristics of specific data breaks, providing a more reliable assessment of the
model’s generative capacity. The class distribution in the datasets is generally unbalanced,
which is characteristic of psycho-emotional state analysis tasks.

Class balancing in this study was not performed. Model training was carried out on
the original distribution of data without applying oversampling/undersampling methods
and without using class weightings. Such an approach preserves the natural structure of
the data and reflects the actual statistical proportions of the categories.
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For this reason, when training the model, the features of the class distribution were
taken into account to avoid shifting the predictions toward the most represented cate-
gories [14].

The main characteristics of the used datasets are shown in Table 2.

Table 2. Main characteristics of used datasets.

Dataset Type of Data Size (N) Classes Source
Psychological Crisis Dataset Textual 1000 (after preprocessing) Multilevel risk Kaggle
Reddit Mental Health Dataset Textual 4420 (after preprocessing; Psycho-emotional Kaggle

original 5957) state categories

To avoid ambiguity regarding the experimental design, the final input structure used
for training and evaluation is specified in Table 3. The two datasets were not merged at
the level of individual observations. No record from the Psychological Crisis Dataset was
paired with any record from the Reddit Mental Health Dataset. Therefore, no cross-dataset
multimodal sample was constructed.

Table 3. Final input structure used during model training and evaluation.

Input Variables . Independent Role in the
Dataset Used by the Model Target Variable Structured Input Experiments
No independent
non-label structured
predictor was used in
Textuzzllggfl(i);ds after the final quantitative Main text-based
Psychological & Original dataset experiments. The dataset for

Crisis Dataset

tokenization, and
transformer-based

risk/crisis class label

class label was used

record-level

. only as the target classification
embedding variable and was not
included as an
input feature.
Textual
Health Dataset tokenizatior% , and mental health structur(I:d field was text-based dataset for
g category label . . robustness checking
transformer-based available for fusion.
embedding
No matching,
Cross-dataset sample Not constructed Not applicable Not applicable merging, or synthetic

pairing
was performed.

In the final quantitative experiments, the model inputs were textual records converted

into transformer-based embeddings. The class label was used only as the supervised
learning target and was never used as an input modality. No observation was constructed
by combining records from different datasets. No synthetic structured, physiological,
wearable-sensor, visual, or behavioral features were generated. Therefore, the reported
experiments should be interpreted as record-level text-based computational classification,
not as the validation of a fully multimodal fusion model [31].

It should be noted that the two datasets were not merged at the level of individual
observations. They were used as separate experimental sources. The Psychological Crisis
Dataset was used for the main structured configuration at the text and record level, where
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structured fields were available within the same record. The Mental Health Dataset from
Reddit was used as a supplementary text dataset for external validation. Since the datasets
did not contain common user identifiers, timestamps, or common post identifiers, no direct
matching between the datasets was performed. Therefore, the study does not claim that
the Reddit records were matched with records from the Psychological Crisis Dataset. The
distribution of classes in the datasets used was further analyzed. As demonstrated in
Figure 2, the class distribution is relatively balanced (approximately 18-22% per class after
preprocessing), indicating moderate imbalance without artificial balancing. The shares of
individual classes are at a similar level and are close to 20% per category. Therefore, the re-
ported metrics reflect performance under the original distribution rather than an artificially
balanced dataset; no oversampling /undersampling was used. Such a distribution indicates
a balance, which is a positive factor when training the model, because it reduces the risk
of biased predictions toward the most represented classes. In contrast to many tasks of
analyzing psycho-emotional states, where strong imbalance is often observed, in this case,
the model was trained under more stable conditions [14].

Class Distribution in Dataset
20°2% 20°2% 19.9% 19.9% 19.8%

20.0

17.5 A

Percentage (%)
= = =
W~ o ki
o [¥,] [=] w (=]
L L . L

[
[
L

0.0 -
0 1 2 3 4

Class

Figure 2. Distribution of categories of psycho-emotional states in the combined experimental sam-
ple. The figure shows the relative balance of the classes on which training and subsequent model
evaluation were conducted.

However, even in relatively equally distributed classes, stratified sampling data were
used, which allowed the preservation of the original structure of the data during training
and testing. Moreover, metrics that are sensitive to the class distribution were used to
assess the quality of the model, such as the F1-score and ROC-AUC, which allows the more
accurate interpretation the obtained results. A visualization of the class distribution is
presented in Figure 2.

No artificial class balancing was applied. Stratified splitting was used only to preserve
the original class proportions across training, validation, and test partitions. Therefore, the
reported metrics reflect model performance under the original dataset distribution.

2.2.1. Psychological Crisis Dataset

An open dataset—the Psychological Crisis Dataset—was used as the main dataset,
available on the Kaggle platform: https://www.kaggle.com/datasets/programmer3
/student-psychological-crisis-risk-dataset (accessed on 20 April 2026).

This dataset contains textual data from users, reflecting different types of psycho-
emotional states, from neutral to a potential crisis. The main emphasis is placed on
identifying signs of emotional stress and instability based on linguistic characteristics.
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In contrast to traditional scales, here, the data are formed in the natural digital envi-
ronment, which makes them closer to real user behavior. At the same time, such data are
sensitive to the context and individual features, which must be kept in mind upon interpret-
ing the results [1,2]. The full characterization of the dataset is provided in Table 4 below.

Table 4. Main characteristics of Psychological Crisis Dataset.

Parameter Description
Dataset name Psychological Crisis Dataset
Source Kaggle (open access)
Data type Textual
Application area Analysis of psycho-emotional risk
Task type Classification
Classes Neutral state/increased risk
Preprocessing Cleaning, text normalization
Performance Vectoring (transformer models)

During data preparation, standard preprocessing was carried out, including text
cleaning, normalization, and conversion to a common format. Next, the textual data were
transformed into vector representations using transformer models, which allowed us to
capture the context and semantic relationships between words [3,4].

For conducting experiments, the data were split into training, validation, and test sets.
Division was performed while maintaining the class distribution, which allowed us to
reduce the risk of model bias toward the dominant class [2]. The class distribution in the
dataset is shown in Figure 3.

Class Distribution in the Psychological Crisis Dataset after Preprocessing (N = 985)
642

600 -

w

o

o
1

Number of Samples

Class

Figure 3. Class distribution in the Psychological Crisis Dataset after preprocessing and stratified
sampling (N = 1000).

Figure 3 shows the class distribution in the Psychological Crisis Dataset after removing
missing and duplicate records. The figure reflects the final dataset used in the experiments,
not the original raw sample. Resampling, undersampling, and synthetic class balancing
were not applied. Stratified splitting was used only to preserve the original class distribu-
tion during training, validation, and testing. This approach allowed us to assess the natural
class structure of the dataset without introducing artificial changes to the data distribution.
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2.2.2. Reddit Mental Health Dataset

As a second set, the Reddit Mental Health Dataset was used, containing textual
publications from users, related to different aspects of psycho-emotional states. In contrast
to the first dataset, where the data are presented in a structured way, here, they consist of
text formed in a natural digital environment.

Such data are of particular interest since they allow the analysis of user behavior
in conditions close to real-life settings. In a number of studies, it is noted that linguistic
activity may reflect signs of anxiety, stress, and other psycho-emotional states, which are
not always outlined in questionnaire or experimental data [14,32].

At the same time, working with text-based data involves certain limitations. User
text does not have a common structure, can significantly differ in style and context, and
also contains noise elements. Even so, modern methods of natural language processing,
including transformer models, allow the extraction of informative features even from
unstructured data [16,33].

A general description of the dataset is shown in Table 5.

Table 5. General characteristics of Reddit Mental Health Dataset.

Parameter Description
Dataset name Reddit Mental Health Dataset

Source Kaggle (open access)

Data type Textual

Application area Psycho-emotional state analysis

Task type Classification
Feature Unstructured user texts
Purpose Model verification on data from real environment

Before use, the data were converted into a common format. This included text cleaning,
deleting extra characters, and normalization. After this, vectorization using transformer
models was performed, which allowed us to capture context-dependent and semantic
relationships between words [16,33]. The distribution of observations by class is presented
in Figure 4.

Class Distribution in the Reddit Mental Health Dataset after Preprocessing (N = 4420)
1000 4 970

943

893

800 -

600 -

400 -

Number of Samples

200 A

0 h ) b 3 4
Mental Health Category

Figure 4. Class distribution in the Reddit Mental Health Dataset after preprocessing and stratified
sampling (N = 4420).
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Figure 4 shows the class distribution in the Reddit Mental Health Dataset after re-
moving incomplete records and duplicate observations. The figure reflects the final text
sample used in the experimental evaluation. The distribution was not artificially balanced;
no oversampling, undersampling, or manual class weighting was applied. To maintain
consistency in class proportions across the training, validation, and test samples, stratified
splitting was used. This approach allowed us to evaluate the model under the original
class distribution without introducing artificial changes to the dataset.

In addition, Figure 5 shows the textual representations used by the model.

Text Feature Representation using t-SNE

150 A

100 +

50 1

Component 2
o

—-50

—100 A

—150 A

-150 -100 -50 0 50 100 150
Component 1

Figure 5. Visualization of text embeddings extracted by a transformer model using t-SNE. Each dot
represents one text record, and different dot colors indicate the original class/category labels in the
plotted sample. The colors are used only to visualize class distribution in the embedding space and
do not denote different modalities, datasets, or additional input features.

As shown in Figure 5, the textual representations form a partly overlapping structure
without a clearly separated class distribution. The different dot colors correspond to the
original class/category labels and are used only to make the two-dimensional projection
easier to interpret. They should not be interpreted as separate modalities or independent
data sources. This overlap reflects the complex nature of psycho-emotional states, where
boundaries between categories are not strictly discrete. Moreover, local areas of point
concentration are observed, which suggests hidden semantic patterns.

This visualization supports the interpretation that text embeddings contain class-related
patterns, although these patterns are not fully separated in the two-dimensional projection.

The dataset is available at https:/ /www.kaggle.com/datasets /neelghoshal /reddit-
mental-health-data (accessed on 20 April 2026).

2.2.3. Data Preprocessing

Before model training, both datasets were converted into a common preprocessing
format. This step was necessary because the source datasets differed in structure, textual
style, label format, and noise level. In the present empirical pipeline, preprocessing was
limited to textual records and record-level structured indicators. For text-based data, the
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main processing stages are cleaning and normalization. The texts were given a standard
form; after this, their tokenization was performed. Formally, this process can be presented
as follows:

Xtcéi?n = fclean(Xtext) 1)

clean

e —cleaned and normalized texts.

where Xiext—source text data and X
Then, text vectorization was conducted using transformer models:

E= fembed (Xtceli&tm> (2)

where E—vector representation matrix. In the current implementation, the dimension of
the vector representation for the text modality is 768, which corresponds to the BERT-base-
uncased model configuration used in the experimental part. Accordingly, the embedding
matrix can be represented as E € RN*768 where N is the number of text observations in
the sample.

Such an approach allows us to account for contextual dependencies and semantic rela-
tionships between words, which is extremely important in analyzing of psycho-emotional
states [26,32].

In this experimental implementation, preprocessing was applied only to text records
and structured indicators at the record level. The text data were cleaned, normalized,
tokenized, and converted into contextual embeddings using transformer-based encoders.
Structured indicators at the record level, if available within a single observation, were
converted into numerical vectors and normalized using parameters estimated solely on the
training data [34].

Only preprocessing procedures applied to the empirical inputs used in the experiments
are reported in this section. Additional preprocessing procedures for conceptual extensions
are not part of the reported experimental pipeline.

The overall process of empirical preprocessing is shown in Table 6.

Table 6. Main steps of empirical data preprocessing.

Step Description

Removal of noise, missing records, duplicated

Text cleanin: .
& records, and irrelevant characters

Conversion of textual records into a

Text normalization
common format

Tokenization Splitting text into model-compatible tokens

Transformation of textual records into

Text torizati .
ext vectorization transformer-based embeddings

Conversion of record-level structured indicators

Structured indicator encoding : 3 .
into numerical vectors when available

Normalization of structured numerical indicators

Feat li . .
cature scaling using training-data parameters only

Stratified data splitting for model training

Train/validation/test split and evaluation

Five-fold stratified cross-validation for

-validati o
Cross-validation stability assessment

Stratified chunking data were used additionally:

D= Dtrain U Dval U Dest (3)
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This allows the preservation of the class distribution and improved model stability
during training [2,24].

The presented expressions are used to formally describe the data processing and
general transformations applied within the proposed architecture [35].

In general, the executed preprocessing procedures provided data consistency and
prepared them for their subsequent integration into the multimodal architecture. This is
especially important in psycho-emotional state analysis tasks, where data may differ by
nature and quality.

2.3. Experimental Data Configuration and Scope of Fusion

In this study, the experimental data configuration is separated from the broader con-
ceptual architecture. The broader architecture is designed as extensible and may support
physiological, wearable-sensor, visual, and continuous behavioral channels in future work.
However, these modalities were not available in the datasets used in the present experi-
ments and were not used in model training, fusion, calibration, or evaluation.

The final experimental inputs were constructed at the level of individual records. For
each observation, the available text field was cleaned, tokenized, and encoded using a
transformer-based encoder. In the final quantitative experiments, no independent non-label
structured predictor was used as a separate input modality. The class label was used only
as the supervised learning target. No structured feature was obtained from another dataset,
and no synthetic structured feature was generated to replace a missing modality.

No cross-dataset alignment was performed. The Psychological Crisis Dataset and the
Reddit Mental Health Dataset were treated as separate experimental sources. They do not
contain common user identifiers, synchronized timestamps, shared assessment sessions,
or common record identifiers. Therefore, there was no methodological basis for matching
observations between the two datasets. No artificial pairs, inferred links, or aggregate-level
correspondences were created.

The term “fusion” in this manuscript is therefore used only in a limited sense. It
refers to the integration of available within-record representations, not to the fusion of
independently synchronized multimodal streams. In the Reddit Mental Health Dataset,
where only textual records were available, the model operated as a text-based classifier. In
the Psychological Crisis Dataset, record-level structured information was used only when
it existed within the same original observation and was not identical to the target label.
The class label was used only as the supervised learning target and was not treated as an
input modality.

Accordingly, the reported experiments should not be interpreted as the validation of a
fully multimodal system combining text, physiological signals, wearable-sensor data, visual
information, and behavioral streams. They refer to a reduced computational configuration
based primarily on textual representations and, where available, same-record auxiliary
structured information. Full multimodal validation requires synchronized datasets in
which several independent modalities are collected from the same individual, assessment,
or time point. Such datasets were not available in the present study and are identified as a
priority for future work.

2.4. Conceptual Graph Extension

The graph representation was considered solely as a conceptual extension of the
proposed architecture. It was not implemented as a standalone graph neural network
module and did not contribute to the quantitative results presented in Section 3. Therefore,
the main experimental pipeline does not include graph learning. The graph-based extension
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is mentioned only as a possible direction for future work and is not used in the empirical
evaluation reported in this manuscript.

2.5. Hybrid Model Architecture

The proposed model is described as a hybrid computational pipeline because it com-
bines transformer-based text representation, probability calibration, and explainability
components within one controlled evaluation framework. In the current experimental
implementation, the model operated primarily on textual records, as specified in Section 2.3.

In the implemented experimental configuration, the hybrid model combines text rep-
resentations based on transformers, probability calibration, and explainability components.
The term “hybrid” is used here to describe the integration of these computational compo-
nents into a single pipeline, rather than the empirical use of independently synchronized
multimodal data streams [36].

The model consists of three main components: feature extraction, probability calibra-
tion, and explainable record-level classification. Text records are encoded using transformer-
based embeddings. The resulting representation is passed to the classifier, and the predicted
probabilities are calibrated using temperature scaling. The main components of the imple-
mented hybrid computational pipeline are summarized in Table 7.

Table 7. Main components of hybrid model.

Component Description
Text-based module Extraction of transformer-based textual representations
Calibration module Temperature scaling of predicted probabilities
Explainability module SHAP-based interpretation of model outputs
Classifier Record-level class prediction

In the implemented experiments, the model should be interpreted as a controlled
text-based computational pipeline. The contribution of the present study is limited to the
controlled evaluation of transformer-based textual representation, probabilistic calibration,
interpretability, and clearly specified record-level input handling under a reproducible
experimental protocol.

2.6. Risk Scoring and Calibration

The final stage of the proposed architecture involves risk assessment and its further
calibration. In contrast to tasks where it is sufficient to obtain class predictions in the given
formulation, it is also important to assess the degree of model confidence. This is especially
relevant in psycho-emotional state analysis tasks, where decisions can be used in practical
monitoring and support systems [21,37].

Based on the obtained hidden representation /, the probability of an observation
belonging to a certain class is formed:

P(y|x) = c(Wh+b) 4)

where o(-)—sigmoidal activation function. In practice, the model produces not only a
category but also a numerical risk score, which can be interpreted as a probability.

However, such probabilities are not always well calibrated. In several studies, it is
noted that modern models, especially deep neural networks, can require the reassessment
of their confidence [21]. This creates additional difficulties when using the model in
real-world conditions.
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A probabilistic calibration procedure is used to improve the reliability of the results.
In this work, temperature scaling is applied, which can be written as follows:

1

14e2/T ®)

Peal =
where z—model logit and T—temperature parameter. T selection allows the smoothing of
the output distribution, enabling it to align more closely with empirical observations.

The temperature parameter T was optimized on the validation sample by minimizing
the negative log-likelihood. Optimization was performed after the base model training
was completed and was not accompanied by the calibration of its weights. Thus, the
calibration procedure did not affect the classifier’s parameters but only corrected the
probability outcome distribution. This approach is commonly used in tasks where the
interpretability and reliability of predictions are required, including emotional state analysis
and multimodal emotion recognition systems [17,28].

In the final implemented configuration, the risk score was computed from the classifier
output based on the available textual representation. The class probability produced by the
model was then calibrated using temperature scaling [38,39]. If same-record auxiliary non-
label structured information becomes available in future extensions, it can be integrated
before the classification layer. No non-evaluated conceptual extension contributed to the
final risk score. It is important to note that psycho-emotional states do not always have
clear boundaries between categories. In a number of works, it is noted that emotions can
change rapidly and are characterized by continuous scales [40]. This further justifies the
use of probabilistic assessment instead of hard classification.

The major steps of the assessment procedure and the calibration of risk are shown in
Table 8.

Table 8. Major steps of assessment and risk calibration.

Step Description
Prediction Obtaining class probability
Logits Calculating the hidden values of the model
Calibration Temperature scaling

Use of textual representation for prediction; optional
same-record auxiliary information only when available
Final evaluation Risk formation

Input representation

Overall, the use of probabilistic calibration allows us to improve the reliability of the
model and makes it more suitable for practical applications. This is particularly relevant
in tasks related to mental health, which require not only accuracy but also the validity of
decisions [21,37].

2.7. Implementation Details

The implementation of the proposed architecture was executed in Python using the
PyTorch library. For text data processing, the pretrained transformational model BERT-base-
uncased (Hugging Face Transformers library) was used to obtain contextual embeddings of
text sequences. The dimension of the hidden model space was 768, which corresponded to
the standard BERT-base-uncased configuration. The pretrained weights were loaded from
the official Hugging Face Transformers library without modifying the basic transformer
architecture. During training, the fine-tuning of model parameters was performed on
the classification target. In the preliminary experiments, the RoBERTa-base model was
also considered; the final results presented in the article were obtained for the BERT-base-
uncased configuration.
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To improve the reproducibility, the main training, optimization, and hardware pa-
rameters used in the experiments are summarized in Table 9. The same training config-
uration was used for the main model, ablation settings, and encoder comparison unless
otherwise stated.

Table 9. Main training and reproducibility parameters.

Parameter Value/Description
Text encoder BERT-base-uncased; RoBERTa-base in encoder comparison
Text embedding dimension 768
Batch size 16
Optimizer AdamW
Learning rate 2x107°
Number of training epochs 5-10, depending on validation performance
Dropout 0.1
Loss function Cross-entropy loss
Data split 80/10/10 train/validation/test split with stratification
Cross-validation Five-fold stratified cross-validation
Early stopping Patience = 3 epochs based on validation loss
Calibration Temperature scaling on validation outputs
Random seed Fixed seed for all experiments
Framework PyTorch 2.x; Hugging Face Transformers 4.x
Hardware NVIDIA GPU with 12 GB VRAM,; 32 GB RAM,; Intel i7 CPU

For probabilistic calibration, temperature scaling was used. After learning the base
model, denoted here by z, the model logits were transformed as follows:

z
p=o(7) ©)
where T is a temperature parameter optimized on the validation sample by minimizing the
negative logarithmic plausibility. The optimization of the T parameter was performed after
model training without changing the model weights.
The presented configuration reflects the actual conditions in which the experiments
were conducted, which makes it possible to reproduce the results obtained under compara-
ble conditions.

2.8. Ablative Analysis Protocol and Comparison of Text Encoders

In order to assess the contributions of individual components of the proposed archi-
tecture, an ablative study was conducted. All variants of the model were tested using the
same experimental protocol as for the complete model. The same data separation scheme
was used for training, validation, and test samples, with the same 5-fold cross-validation
and the same preprocessing pipeline. The purpose of the ablation analysis was not to add
new external baseline models but to check how the behavior of the proposed architecture
changes when replacing and deleting individual components.

Three main ablative settings were considered. In the first setting (attention versus
concatenation), the attention-based integration block was replaced with the simple concate-
nation of the available within-record representations, while the classification module and
the overall training protocol remained unchanged. In the second version, LSTM-versus-no-
LSTM, the recurrent time block was deleted and a feed-forward pooling layer was used
instead, applied to the combined feature representation. In the third variant, calibration-
versus-no-calibration, the model was evaluated before and after applying temperature
scaling. For this comparison, apart from accuracy, the F1-score, and the ROC-AUC, metrics
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sensitive to the probabilistic calibration quality were calculated, including the Brier score
and expected calibration error (ECE).

In addition, a controlled comparison of text encoders within the same architecture was
performed. The BERT-base-uncased encoder, used in the basic model configuration, was
compared with RoBERTa-base under the same conditions for combining features, classifi-
cation, and probabilistic calibration. Where applicable, a BILSTM-based text encoder was
also included as a neural network but not a transformer-based option for comparison. Such
comparison was necessary to understand whether the results obtained were mainly related
to the proposed fusion and calibration scheme or mainly due to the choice of a particular
transformer encoder. All results of the ablative analysis and encoder comparison are pre-
sented as the mean + standard deviation across five-fold cross-validation splits. For these
experiments, no additional data augmentation methods or manual class balancing were
used. This was done specifically to ensure that the results remained directly comparable
with the basic assessment of the proposed model.

2.9. Ablation Study and Encoder Comparison

An ablation analysis was conducted to assess whether the performance of the pro-
posed model is attributable to specific architectural components or is largely determined
by the chosen text encoder. All model variants were evaluated under identical conditions:
the same data preprocessing pipeline, the same cross-validation protocol, and, where appli-
cable, the same probabilistic calibration procedure were used. The results are presented in
Table 10.

Table 10. Ablation study of the proposed architecture.

Configuration Accuracy F1-Score ROC-AUC Brier Score ECE

Full model: BERT + cross-modal attention +

. 0.593 £0.009 0.592 £0.008 0.860 £0.006 0.540 +0.009  0.064 £ 0.007
LSTM + temperature scaling

Without cross-modal attention: BERT +

. . 0.607 +0.018 0.608 +0.018 0.858 £ 0.009 0.535 £ 0.015 0.066 + 0.010
concatenation + LSTM + temperature scaling

Without LSTM: BERT + cross-modal
attention + feed-forward pooling + 0.596 £ 0.023  0.595 +0.024 0.859 +£0.009 0.541 £0.018  0.049 +0.012

temperature scaling

Without calibration: BERT + cross-modal

attention + LSTM, before temperature scaling 0.593 £0.009 0.592 +0.008 0.859 £0.006 0.544 + 0.010 0.080 £ 0.008

The ablation results indicate that replacing the attention-based integration block with
simple concatenation did not reduce the performance and, in some metrics, produced
slightly higher values. This result is scientifically important because it suggests that the
expected advantage of attention-based integration is not guaranteed under the current data
configuration. A likely explanation is that the available experimental inputs were domi-
nated by textual representations, while independently synchronized multimodal signals
were not available. Under such conditions, the attention block has limited opportunities to
learn complementary cross-source interactions, and a simpler concatenation-based repre-
sentation may be sufficient or even slightly more stable. Therefore, the results should not
be interpreted as evidence that cross-modal attention is universally superior. Instead, they
show that the benefit of attention-based integration depends on the availability, quality,
and complementarity of independent input sources. This finding further supports the
need for future validation on synchronized multimodal datasets collected from the same
individuals, assessments, or time points.
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The most significant improvement was observed for probability calibration. As ex-
pected, temperature scaling had virtually no effect on the accuracy, F1-score, or ROC-AUC,
since this procedure does not retrain the classifier or alter the underlying classification
boundary. However, calibration improved the reliability of the probability estimates: the
ECE decreased from 0.080 =+ 0.008 before calibration to 0.064 =+ 0.007 after calibration, and
the Brier score also improved slightly—from 0.544 £ 0.010 to 0.540 £ 0.009. Therefore, the
contribution of calibration in this work is primarily related to improving the reliability
of probabilistic estimates, rather than to a direct increase in classification accuracy. To
assess the potential impact of the text encoder separately, an additional comparison was
conducted within the same architecture. BERT-base-uncased and RoBERTa-base were
evaluated using the same fusion protocol and probability calibration. The results of this
comparison are presented in Table 11.

Table 11. Comparison of text encoders within the same architecture.

Text Encoder Fusion Calibration Accuracy F1-Score ROC-AUC Brier Score ECE
Method
BERT-base-uncased ~ Crossmodal  Temperature o34 009 050240008 0860 £0.006 0540 = 0009  0.064 % 0.007
attention scaling
RoBERTa-base Cross-modal — Temperature oo\ 005 066740007 089 +0.004 0459 + 0005  0.040 % 0.011
attention scaling

The comparison of the encoders shows that the choice of text encoder significantly
affects the model’s performance. RoBERTa-base achieved higher results across all metrics
compared to BERT-base-uncased, including the accuracy, F1-score, ROC-AUC, Brier score,
and ECE. This suggests that stronger contextual text representations can improve the per-
formance of the tested pipeline under identical fusion and probability calibration settings.

At the same time, this comparison does not imply that all architectural components of
the proposed model are universally optimal. It is more accurate to say that the proposed
pipeline can be tested with different transformer encoders within a single controlled
protocol. This approach makes the model evaluation more transparent and demonstrates
that the final quality depends not only on the feature combination scheme but also on the
chosen text model.

3. Results

It should be noted separately that the graph modeling described in Section 2.4 was
not implemented as a standalone module of the graph neural network within the pre-
sented experiments and, accordingly, did not affect the quantitative results given in this
section. A detailed description of deduplication and semantic overlap control is provided
in Section 3.1.

All experimental results presented in this section are derived from text data and record-
level structured indicators, as described in Section 2. All presented quality indicators reflect
the statistical accuracy of classification within the datasets used. These metrics should
not be interpreted as indicators of clinical validity or diagnostic reliability. The accuracy
and calibration values characterize the behavior of the model exclusively in controlled
experimental conditions.

To reduce the risks of data leakage and an overly optimistic assessment, we applied a
two-step protection procedure. First, exact duplicates and close duplicates were deleted
before splitting, and it was also verified that very similar texts did not overlap between the
training and test samples (see Section 3.1). Second, if author /user IDs were provided as
part of the dataset, we additionally ensured separation at the user level to prevent samples
from the same user from appearing in both the training and test samples. If such identifiers
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were not available, strict separation at the user level could not be guaranteed; therefore, the
main safeguards included deduplication checks and semantic filtering.

3.1. Experimental Setup and Evaluation Protocol

The experimental part was aimed at evaluating the effectiveness of the proposed
multimodal architecture in comparison with basic models. Training and testing were
conducted on the two datasets, described in the previous section, stratified into training,
validation, and test sets. Several basic machine learning algorithms were selected to ensure
the comparability of the results, including logistic regression, support vector machine, and
random forest. These models are widely used in psycho-emotional state analysis tasks and
are used as standard benchmarks [6,24].

Quality assessment was conducted using the following metrics: accuracy, precision,
recall, F1-score, and ROC-AUC. Additionally, probabilistic calibration was analyzed using
the Brier score, which is especially crucial in risk assessment tasks. In addition, a reliability
diagram was used to evaluate the calibration of probabilistic predictions, allowing the
predicted probabilities to be compared with the actual frequency of events. The expected
calibration error (ECE) metric was also determined, which reflects the mean deviation
between the predicted and empirical probabilities for binning intervals (0, 1). The calibra-
tion curves were constructed before and after temperature scaling, allowing an assessment
of the impact of calibration on the probability distributions. The ECE was based on a
test sample.

All models were implemented in Python using the PyTorch library for the proposed
architecture and standard machine learning libraries for the basic models.

Experiments were conducted using the NVIDIA graphics processor with 12 GB of
video memory and 32 GB of RAM. The proposed architecture was implemented in PyTorch
(version 2.x) using the Hugging Face Transformers library (version 4.x). The BERT-base-
uncased model was used as a text encoder. The training was performed with a pad size
of 16, a learning speed of 2 x 107, the AdamW optimizer, and a dropout rate of 0.1. To
prevent overfitting, an early stopping procedure was used, with the “patience” parameter
equal to three epochs.

To ensure the reproducibility of the experiments, fixed initialization of the random
seed generator was used, and splitting and cross-validation procedures were performed
according to the same parameters for all models being compared.

We also sought to prevent data leaks and monitor semantic overlap. To reduce the risk
of data leakage, we implemented a two-step protection procedure. First, exact duplicates
were removed before any division of the data into training and test sets, as well as before
the cross-validation procedure. Next, close text duplicates were identified using TF-IDF
representations and cosine similarity; records with a high degree of similarity above a
specified threshold were either removed or assigned to the same sample prior to model
evaluation. User-level disaggregation was applied only in cases where user or author
identifiers were available in the original dataset. For datasets where such identifiers were
not provided, strict user-level disaggregation could not be guaranteed. In these cases, we
do not make claims about the model’s generalizability at the user level, and we relied on
duplicate removal, the filtering of close duplicates, stratified data partitioning, and checking
for semantic overlap between folds as practical safeguards. Therefore, the presented results
should be interpreted as reflecting the prediction quality at the level of individual records
under controlled preprocessing, rather than the confirmed generalizability of the model at
the user level.

https://doi.org/10.3390/mti10070076


https://doi.org/10.3390/mti10070076

Multimodal Technol. Interact. 2026, 10, 76 20 of 31

3.2. Model Performance Comparison

The results of the comparative analysis are presented in Table 12.

Table 12. Cross-validation performance of the tested text-plus-structured configuration.

Metric Mean + SD 95% CI
Accuracy 0.593 £ 0.009 0.582-0.604
Fl1-score 0.592 + 0.008 0.582-0.602
ROC-AUC 0.860 + 0.006 0.853-0.867
Brier score 0.540 4 0.009 0.529-0.551
ECE 0.064 + 0.007 0.055-0.073

The results in Table 12 are presented as the mean =+ standard deviation based on five-
fold cross-validation. The 95% confidence intervals were calculated using the t-distribution
for five iterations. These results should be interpreted as record-level prediction metrics
for the tested “text plus structured text” configuration. They do not constitute evidence of
clinical validity or generalizability at the user level.

Although the proposed model achieved the highest accuracy and ROC-AUC values
among the compared models, these metrics alone are insufficient for evaluating a system
designed for risk analysis. Therefore, probabilistic calibration was analyzed separately
using the Brier score, expected calibration error (ECE), and reliability curves. Calibration
is particularly important in this task because a model that is too confident may assign a
high risk level even when the input signal is uncertain. Therefore, the interpretation of the
model should be based not only on discriminative metrics such as accuracy and ROC-AUC
but also on the reliability of the predicted probabilities (Table 13).

Table 13. Encoder comparison with confidence intervals.

Text Encoder

Accuracy, 95% CI  F1-Score, 95% CI ROC-AUC, 95% CI  Brier Score, 95% CI  ECE, 95% CI

BERT-base- 0.593 + 0.009, 0.592 + 0.008, 0.860 =+ 0.006, 0.540 + 0.009, 0.064 + 0.007,
uncased 0.582-0.604 0.582-0.602 0.853-0.867 0.529-0.551 0.055-0.073

RoBERTa-base 0.666 £ 0.005, 0.667 £ 0.007, 0.896 £ 0.004, 0.459 £ 0.005, 0.040 £ 0.011,
0.660-0.672 0.658-0.676 0.891-0.901 0.453-0.465 0.026-0.054

The final quality depends heavily on the chosen encoder and data configuration. The
BERT configuration yielded stable but moderate results, while RoBERTa-base improved
both the classification metrics and calibration using the same protocol.

The results of the ablation analysis and encoder comparison show that the achieved
quality does not depend on any single architectural component. Part of the result is
attributed to the chosen transformer-based text encoder, part to data preprocessing and
duplicate control, and another part to the integration of structured information at the record
level and probabilistic calibration. Therefore, the results should not be interpreted as proof
that cross-modal attention alone explains the improvement in quality. It is more accurate to
view the proposed pipeline as a combined computational configuration, where the overall
performance depends on the choice of encoder, data properties, preprocessing, fusion, and
calibration [41].

To test the statistical significance of the differences between models, a paired Student’s
t-test was applied, which made it possible to assess the probability of the random nature
of the differences found. The obtained accuracy, ROC-AUC, Brier score, and ECE values
are interpreted within controlled experimental conditions and should not be considered
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evidence of clinical effectiveness. The results presented reflect the model’s resilience in the
datasets under consideration and are not an assessment of its clinical effectiveness.

The results show that the tested pipeline delivers moderate but stable classification
performance at the record level under a controlled five-fold cross-validation protocol. A
comparison of the encoders shows that the final quality depends heavily on the choice
of transformer encoder: RoBERTa-base improved both the discrimination metrics and
calibration-related metrics compared to BERT-base-uncased under the same evaluation
conditions. Consequently, the observed performance should not be attributed solely to
cross-modal attention. It reflects the combined influence of the text encoder, preprocessing,
duplicate control procedures, structured record-level indicators, merging strategies, and
probabilistic calibration [42].

3.3. ROC Curve Analysis

ROC curve analysis was used to evaluate the ability of the tested “text + structured
features” configuration to distinguish between classes. The obtained ROC-AUC values
should be interpreted in conjunction with the calibration metrics and confidence intervals,
rather than as standalone evidence of the model’s high quality. This is important because the
model may be able to distinguish between classes quite well but still provide insufficiently
reliable probability estimates.

Figure 6 presents an analysis of the ROC curves for the tested configuration and
the models under comparison. The dashed diagonal line in Figure 6 indicates the no-
discrimination baseline corresponding to random classification (ROC-AUC = 0.50). These
results characterize the classification performance only under controlled experimental
conditions and should not be interpreted as clinical validation or evidence of practical
diagnostic reliability. In this study, the ROC-AUC is used only as one of several evaluation
metrics, alongside the Fl-score, Brier score, ECE, and confidence intervals. The ROC
analysis was based only on the empirical inputs described in Section 2.3. Therefore, the
results should be interpreted as an evaluation of the tested computational configuration
at the record level, based on text data and structured indicators at the record level, rather
than as validation of a fully developed multimodal clinical monitoring system.

ROC Curves for Model Comparison
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Figure 6. ROC curves for the compared models and the proposed architecture. The dashed diagonal
line represents the no-discrimination reference, corresponding to the random-classifier baseline
(ROC-AUC = 0.50).
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Figure 6 shows the ROC curve performance of the tested models under the same
evaluation protocol. The ROC-AUC values reflect the models’ ability to distinguish between
classes in the available dataset, but they should not be interpreted independently of the
calibration metrics and confidence intervals. In this study, the ROC analysis was based
solely on text data and structured indicators at the record level; physiological signals,
wearable sensors, and visual modules were not included in the calculation.

3.4. Ablation Study

In addition to the main cross-validation and encoder comparison results, an additional
text-based baseline analysis was performed to provide a reference point for the behavior of
conventional and transformer-based text classifiers. This analysis should not be interpreted
as the ablation of a fully multimodal fusion model, because the available datasets did not
provide independently synchronized multimodal observations. The analysis used only the
empirical inputs described in Section 2.3.

The results are presented in Table 14. They compare two text-based configurations:
XGBoost, trained on TF-IDF features, and DistilBERT, used as a transformer-based text clas-
sifier. These results are included in the manuscript because they provide useful information
about the predictive signal that can be extracted from textual data alone. At the same time,
they are not evidence that a fully multimodal architecture was empirically validated.

Table 14. Additional text-based baseline results (5-fold cross-validation, mean + SD).

. . Accuracy F1-Macro ROC-AUC OVR .
Configuration (Mean =+ Std) (Mean =+ Std) (Mean =+ Std) Brier (Mean + Std)
XGBoost (TF-IDEF, text baseline) ~ 0.7947 + 0.0166 0.7972 £ 0.0162 0.9493 + 0.0057 0.0598 + 0.0033
DistilBERT (text baseline) 0.4305 + 0.0155 0.4059 + 0.0278 0.7479 £ 0.0109 0.1489 + 0.0008

The results in Table 14 show that text-only baselines can achieve competitive perfor-
mance under the available experimental conditions. In particular, the TF-IDF + XGBoost
configuration performed strongly in the considered text classification setting. This finding is
important because it indicates that a substantial part of the predictive signal in the available
datasets is contained in textual patterns and the dataset-specific linguistic structure.

Therefore, the results should be interpreted cautiously. They do not demonstrate
that the performance gains are caused by multimodal fusion, physiological information,
wearable-sensor data, or behavioral streams. Instead, they show that the textual component
itself has strong predictive value and should be considered a major contributor to the
overall performance of the computational pipeline. For this reason, regarding the main
conclusions of the study, we avoid attributing the reported performance to multimodal
fusion alone [43,44].

3.5. Confusion Matrix Analysis

The confusion matrix, shown in Figure 7, demonstrates that the proposed model
correctly classifies many instances. Errors are mostly concentrated near class boundaries,
which reflects the complex and continuous nature of psycho-emotional states.

The confusion matrix analysis shows that most of the examples are correctly classified;
at the same time, the number of errors is distributed relatively equally between classes.
This is particularly important under conditions of imbalanced data, characteristic of psycho-
emotional analysis tasks [45].
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Figure 7. Confusion matrix for proposed model.

Nevertheless, it can be noted that there is a small number of errors near the class
boundaries, which reflects the complex nature of psycho-emotional states and their smooth
transitions between categories [40].

For the sustainability assessment of the obtained results, additionally, a variability
metric analysis was carried out during repeated runs of the models. In particular, the train-
ing was carried out several times with different data sampling strategies while maintaining
stable behavior among the main quality indicators [46].

The differences between the basic models and proposed architecture remained in
all experiments, which indicates the stability of the obtained results and decreases the
probability of random nature improvements. This approach corresponds to model evalua-
tion practice in machine learning tasks and allows a more accurate interpretation of the
achieved results.

3.6. Explainability Analysis

Additionally, an interpretability assessment of the model was performed using the
SHAP method, allowing a quantitative evaluation of the contributions of individual features
to the final prediction. In contrast to traditional models, where the decision-making process
remains hidden, this approach allows an understanding of which factors have the greatest
impact on the results.

As shown in Figure 8, a limited number of the most significant features exhibit the
greatest contributions to the predictions. The SHAP analysis shows that model is based on
key components of the feature area, which allows a reduction in the impact of noise and an
increase in prediction stability.
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Figure 8. SHAP-based feature importance with modality-aware labeling (text/structured), showing
the relative contributions of interpretable components to psycho-emotional risk prediction.

In the updated SHAP analysis, interpretable feature names were used with an in-
dication of their modality. Features were grouped by data source (text/structured),
which allowed the separation of the contributions of text embeddings and record-level
structured indicators.

For the text-based modality, SHAP values were calculated from the aggregated embed-
ding components formed by the BERT-base-uncased model. Stable semantic components
were used in the visualization, not abstract dimension indices (for example, not “embed-
ding_234" but “semantic context intensity” or similar interpretable designations).

Structured features are presented using their original feature names (such as crisis
indicators), which allows the model’s contribution to be correlated with the user’s state.

It is important to emphasize that the SHAP values reflect the contributions of features
to changes in the prediction of probabilities and are not interpreted as causal dependencies.
They show contributions within a specific trained model. To avoid general word-level
interpretation, two illustrative examples are provided. In some cases, the greatest con-
tribution to the prediction came from lexical markers of emotional tension—persistent
words and constructions associated with feeling overwhelmed, sleep disturbances, internal
tension, and self-esteem. Additionally, record-level structured indicators (category/level
of condition) made a notable contribution, which consistently “shifted” the probability
toward the corresponding class. However, it is important to emphasize that SHAP reflects
the contributions of features to model decisions within a given dataset and does not equate
to the clinical interpretation of symptoms. This analysis provides a more transparent un-
derstanding of the behavior of the model and makes the explainability analysis consistent
with the objectives of assessing psycho-emotional risks [47,48].

However, their combined effect reflects the contribution of different data aspects and
confirms the ability of the model to consider the complex structure of psycho-emotional
states [19,21]. In practice, using SHAP allows not only an increase in confidence in the
model but also a better understanding of its behavior in different conditions.

The SHAP values represent the marginal contributions of each feature to the predicted
probability under the cooperative game theory framework. In the context of psycho-
emotional risk prediction, positive SHAP values increase the predicted risk, while nega-
tive values decrease it. Importantly, SHAP analysis reflects model behavior rather than
causal relationships.
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3.7. Calibration Analysis

A calibration analysis was performed to assess whether the predicted probabilities
were consistent with the observed class frequencies. Temperature scaling was applied
after training the base classifier and did not change the learned model weights or the
classification boundary.

The results show that calibration mainly improved the reliability of the probability
estimates rather than the discrimination metrics. In the BERT-based configuration, the
expected calibration error decreased from 0.080 £ 0.008 before calibration to 0.064 + 0.007
after temperature scaling. The Brier score also improved slightly, from 0.544 & 0.010 to
0.540 £ 0.009. The accuracy, F1-score, and ROC-AUC remained almost unchanged, which
was expected because temperature scaling modifies the probability distribution but does
not retrain the classifier.

These results indicate that calibration should be interpreted as a reliability improve-
ment step, not as a direct source of classification accuracy improvement.

4. Discussion

The obtained results should be interpreted within the limited experimental config-
uration used in this study. The reported experiments primarily evaluated a text-based
computational pipeline with transformer-based representations, probabilistic calibration,
and explainability. They do not demonstrate a fully synchronized multimodal system
combining text, physiological signals, wearable-sensor measurements, visual information,
or continuous behavioral streams.

The results suggest that the quality of classification depends on several factors, in-
cluding the selected text encoder, preprocessing, duplicate control procedures, dataset
properties, and calibration. Therefore, the observed performance should not be attributed
to multimodal fusion alone. In particular, the encoder comparison showed that RoBERTa-
base improved the performance compared with BERT-base under the same evaluation
protocol, indicating that textual representation quality is one of the main contributors to
the final result.

When applied to clinically collected datasets, the performance of the model may
differ substantially from the values reported in this study. Public datasets often contain
labels derived from platform-specific categories, weak supervision, self-description, or
dataset-specific annotation rules, whereas clinically collected datasets require standardized
assessment procedures, expert annotation, and prospective validation. Therefore, the
reported performance should be interpreted as computational classification performance
under public-dataset conditions, not as evidence that the model would achieve the same
reliability in clinical or institutional settings. Future studies should evaluate the framework
on clinically annotated, prospectively collected datasets with transparent labeling protocols
and, where possible, synchronized multimodal measurements.

The interpretability analysis shows that the model does not rely on individual features
but uses their aggregation. This indirectly confirms that the architecture is not being
retrained to individual patterns but forms more generalized representations of the user’s
positions. In tasks related to psycho-emotional assessment, this is very important, because
overdependence on individual features can lead to instability and difficulty in interpreting
the results [19,21].

It is also worth noting the use of probabilistic calibration. Unlike many works that are
limited to classification metrics, in this case, the model is additionally evaluated in terms
of probabilistic assessment correctness. This allows us to interpret the results not only in
terms of a “class” but also the level of confidence, which makes the system more suitable
for practical use. The ablation study provides a more cautious interpretation of the model
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architecture. The results do not show a consistent advantage of attention-based integration
over simple concatenation. In fact, the concatenation-based variant produced comparable
and, in some metrics, slightly higher values. This suggests that, under the current, primar-
ily text-based data configuration, the attention block had limited opportunities to learn
complementary interactions between independent synchronized modalities. Therefore, the
observed performance should not be attributed to cross-modal attention alone. Instead, it
reflects the combined influence of text encoder selection, preprocessing, duplicate control,
available within-record representations, and probability calibration. The contribution of
this study should therefore be understood as methodological integration rather than the
introduction of a fundamentally new learning algorithm. Transformer-based encoders,
calibration procedures, and explainability methods are established techniques. The novelty
of the present work lies in combining these components within a single transparent evalua-
tion pipeline for psycho-emotional risk classification, together with the explicit reporting of
calibration metrics, confidence intervals, the limitations of public labels, and reproducibility
parameters. The system operates within a data-based pattern recognition framework and
does not replace professional psychological or psychiatric assessment.

Limitations

Despite the obtained results, several limitations should be noted, which are important
to take into account when interpreting the proposed approach.

Firstly, although the datasets include different data types, they remain limited in
volume and do not completely represent the variety of real-world scenarios. In particular,
social media data and experimental observations may differ in structure and noise levels,
which affects the model’s portability.

Secondly, a few indicators are represented as embedding vectors, which makes their
direct interpretation difficult. Despite using explainable artificial intelligence methods, the
interpretation of such features remains indirect and requires further analysis.

Thirdly, the model was evaluated in an offline setting. In real conditions, where data
enter as a stream, system behavior may differ, especially in light of temporal delays and
data incompleteness. An additional aspect is possible classification errors. In tasks related
to the assessment of psycho-emotional risk, false-positive and false-negative outcomes
can have different practical consequences. False-positive predictions can lead to excessive
notifications or unnecessary interventions, while false-negative cases mean that potentially
vulnerable conditions may go unnoticed. The metrics presented in this work reflect the
statistical quality of classification within the framework of the data used and do not allow
a direct assessment of the possible practical consequences of such errors under real-world
conditions of application.

Finally, in this work, issues of model integration into real information systems, includ-
ing privacy, safety, and computing efficiency aspects, are not considered—these can also
affect practical use.

Ethical and regulatory considerations must also be taken into account. The use of
digital data reflecting psycho-emotional states requires careful handling in terms of privacy,
the protection of personal data, and the responsible interpretation of the results. The
proposed system is not a substitute for professional psychological assessment and should
not be considered a diagnostic tool. Any practical application of such a solution requires
compliance with existing legal norms and the participation of qualified specialists.

The main limitation of this study is related not only to the architecture but also to the
measurement characteristics. The labels used in publicly available datasets may not reflect
clinically validated psychological constructs. Consequently, even acceptable classification
performance should not be interpreted as evidence that the model accurately measures
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psychological distress, crisis risk, or mental health status in a clinical sense. The model
may partially capture linguistic, stylistic, or dataset-specific patterns associated with the
provided labels. This limitation directly affects the interpretation of all presented metrics.

This issue is particularly important because the available labels were used as data-
driven target categories rather than clinically validated outcomes. Therefore, the proposed
approach should be interpreted as a computational image recognition pipeline within a
given labeling scheme, rather than as a diagnostic or psychometric assessment tool. In
practice, false-positive and false-negative predictions can have different consequences,
and automated risk categorization should not be used without expert oversight, external
validation, and clear ethical safeguards.

Therefore, future studies should prioritize clinically annotated and prospectively
collected datasets rather than simply increasing the complexity of the architecture. In
particular, future studies should utilize datasets with transparent labeling procedures,
expert annotation, longitudinal follow-up, and, where possible, synchronized multimodal
measurements. Only under such conditions can the clinical or practical reliability of
automated psycho-emotional risk prediction be more rigorously assessed.

It is important to emphasize that the obtained results refer to controlled experimental
settings and do not reflect external or prospective validation. The work was not tested in
real flow conditions and there was no clinical validation, so any conclusions regarding
practical implementation should be considered as preliminary. The next step is external
validation for independent data and/or longitudinal observations.

5. Conclusions

This study proposed and experimentally evaluated an explainable computational
pipeline for classifying psycho-emotional risk based on text records and structured indica-
tors at the individual record level. The tested configuration combined transformer-based
text representation, structured information when available, probabilistic calibration, and
interpretability components within a single controlled experimental protocol. The results
show that such a configuration can ensure stable classification quality at the record level
under the described preprocessing, cross-validation, and calibration procedures. However,
these results should be interpreted with consideration of the limitations of the open datasets
used and the validity of their annotations.

This study does not constitute clinical validation and does not demonstrate a fully
integrated multimodal system incorporating physiological, wearable-sensor, visual, or
real-time behavioral data. These components remain conceptual extensions of a scalable
architecture and were not utilized in the presented experiments. The main contribution of
this study is not the development of a fundamentally new algorithm but the transparent
integration and controlled evaluation of existing computational components, including
transformer-based textual representation, probability calibration, explainability analysis,
and reproducible evaluation procedures, for psycho-emotional risk classification.

The results of the ablation analysis and encoder comparisons also show that the final
quality of the model should not be attributed to a single architectural component. The
obtained metrics depend on several factors: the chosen text encoder, the preprocessing and
duplicate control procedures, the properties of the data themselves, structured indicators
at the record level, the fusion strategy, and probabilistic calibration. Therefore, it is more
accurate to view the proposed approach as a combined computational pipeline rather than
as proof that cross-modal attention alone determines the model’s quality.

Future studies should prioritize clinically annotated, prospectively collected, and
synchronized multimodal datasets before drawing stronger conclusions about the prac-
tical implementation or clinical significance of this approach. Further work should also
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include external validation, transparent labeling procedures, expert annotation, longi-
tudinal follow-up, and model evaluation in real-world data settings. Only after such
validation can the practical reliability of automated psycho-emotional risk prediction be
more rigorously assessed.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AUC Area Under the Curve

BERT Bidirectional Encoder Representations from Transformers
BiLSTM Bidirectional Long Short-Term Memory
CPU Central Processing Unit

EDA Electrodermal Activity

Fl-score Harmonic Mean of Precision and Recall
GNN Graph Neural Network

GPU Graphics Processing Unit

HRV Heart Rate Variability

TIoT Internet of Things

LR Logistic Regression

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MNB Multinomial Naive Bayes

NLP Natural Language Processing

PR Precision—Recall
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PyTorch Python-Based Deep Learning Framework
RF Random Forest

RMSE Root Mean Square Error

ROC Receiver Operating Characteristic

SHAP SHapley Additive exPlanations

SVM Support Vector Machine

T Temperature Parameter (in calibration)
XAI Explainable Artificial Intelligence

ML Machine Learning
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