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Psychological crisis has the characteristics of great individual differences, rapid evolution, and scarce labeled
samples, which bring great challenges to real-time detection and early warning. This study proposed a real-time
psychological crisis detection and early warning framework leveraging meta-learning and few-shot learning
paradigms and introduced a novel Domain-Adaptive Meta-Transfer Learning (DAMTL) methodology. The
proposed model underwent pre-training on a publicly available mental health dataset within the source domain,
where it acquired a cross-individual, multi-modal feature representation that generalized across subjects. It then
combined a meta-learning strategy and domain-adaptive mechanism in the target domain to achieve rapid
personalized modeling of new subjects. The studies were carried out on the Computational Linguistics and Clinical
Psychology Workshop (CLPsych) and Reddit Suicide Watch and Mental Health Collection (SWMH) datasets, which
were set as 3-way and 25-shot tasks. The results showed that the DAMTL method achieved an accuracy of 76.4%,
an Fl-score of 75.1%, and an Area Under the Curve (AUC) of 0.84. In cross-subject experiments with different
datasets, the accuracy rate was 71.6%, the Fl-score was 70.3%, and the AUC was 0.81. The overall performance
of proposed method was better than that of the model-independent meta-learning algorithm, various transfer
learning, and monomodal methods. Ablation experiments showed that domain adaptation, multi-modal feature
fusion, and a meta-learning strategy all contributed significantly to the model’s performance. The results
demonstrated that the proposed method exhibited robust stability and strong generalization capabilities under
the constraints of few-shot learning and cross-distribution scenarios, thereby establishing a viable technical
framework for the early identification and precise forecasting of psychological crises.
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Introduction initiative to seek help in their daily lives.

Traditional mental health intervention methods

The accelerating tempo of contemporary society mostly rely on questionnaire survey or face-to-
has led to a notable escalation in psychological face evaluations, which are time-consuming and
distress among the general population. Mental laborious, and are unable to realize real-time
health has become an important topic of social monitoring [1]. The advancement of information
concern. Psychological crises are often sudden and communication technologies has led social
and hidden, and individuals may not take the media platforms and mobile devices to generate
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vast volumes of user behavioral data, thereby
opening novel avenues for the analysis and
forecasting of psychological states. Text,
behavior, and social interaction data contain rich
information about emotions, cognition, and
social patterns. The challenge of identifying early
indicators of individual psychological crises from
such data has emerged as a central research
focus within the domains of psychological
computing and artificial intelligence [2].

Currently, research on psychological crisis
detection has established a technical framework
centered on natural language processing,
machine learning, and multimodal analysis. Some
studies have attempted to extract negative
emotions and risk indicators from user text to
identify potential psychological abnormalities.
Swaminathan et al. developed a two-stage model
based on keyword filtering and logistic regression
in a telemedicine setting to screen for
psychological crisis information in patient
conversations [3]. Wu developed a psychological
crisis identification system for college students,
conducting a joint analysis of psychological
profiles and questionnaire data to validate the
application value of multi-source data fusion in
early detection [4]. Nikitina et al. analyzed
parameters from two text corpora with one
comprising clinical depression patients and the
other individuals with high depressive tendencies
to identify common and unique markers in
depressive  texts and proposed three
comprehensive depression indices, providing a
methodological reference for Al-based online
psychological diagnosis [5]. In addition to
traditional supervised learning, multimodal
modeling has gradually garnered attention. Text
content, behavioral characteristics, and social
relationships are collectively incorporated into
the analytical framework to characterize more
complex processes of psychological state
changes [6]. However, the identification of
mental health crises in real-world scenarios still
faces significant challenges. There are marked
differences among individuals in terms of
expression habits, emotional responses, and
social behaviors, thus, the same negative
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language may indicate entirely different levels of
risk across different users [7]. Many models rely
on large amounts of labeled data for training,
which can lead to performance degradation
when applied across users or platforms. Mental
health data itself is characterized by privacy
sensitivity, high  annotation costs, and
imbalanced class distributions, meaning that
high-quality data available for training is often
limited. In recent years, few sample learning and
meta-learning methods have shown unique
advantages in quickly adapting to new tasks.
They can wuse limited data to establish
personalized forecasting ability [8, 9], and
transfer learning provides shared knowledge for
the model from a large amount of historical data
[10]. Meanwhile, the difference in the
distribution of different individual data will lead
to migration deviation, and domain adaptive
technology can build a bridge between different
data distributions, making the model more stable
when facing new users [11]. Compared to
traditional supervised learning, meta-learning
and few-shot learning place greater emphasis on
a model’s ability to adapt rapidly under sample-
constrained conditions [12]. These approaches
have already yielded some results in tasks such as
depression detection, medical diagnosis, and
intelligent question-answering. Nasim et al.
analyzed 1,503 questionnaire data points from
medical institutions, integrating decision trees, K-
nearest neighbor classifiers, random forest
models, and the meta-learning multi-layer
perceptron to propose a meta-learning model for
predicting postpartum depression, thereby
providing an effective tool for assessing mental
health risks in pregnant women and new mothers
[13]. Liu et al. introduced the Model-Agnostic
Meta-Learning (MAML) algorithm into low-
sample-size disease diagnosis. By jointly
optimizing knowledge graph model parameters
and learning rate settings, they improved the
diagnostic accuracy for rare diseases in primary
care settings [14]. Jia et al. addressed the limited
generalization capability of MAML in few-shot
classification by proposing the Mix-MAML
method. By combining data augmentation,
initialization decay, and resolution enhancement
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strategies, they  achieved classification
performance that surpassed or matched existing
methods on multiple public datasets while
maintaining the simplicity of the model
architecture [15]. These studies demonstrate
that meta-learning and transfer mechanisms
hold significant potential in low-data-sample
settings. However, research on real-time
psychological crisis detection remains limited.
Existing psychological crisis detection studies
largely rely on ample labeled data, and models
often exhibit performance degradation when
applied across different subjects or scenarios
with  limited adaptability to individual
differences. Although meta-learning and few-
shot learning methods have performed well in
other fields, they are relatively underdeveloped
in the context of psychological crisis detection.

This research proposed a Domain-Adaptive
Meta-Transfer Learning (DAMTL) model to
enable real-time detection and early warning of
personalized psychological crises through cross-
subject and cross-dataset validation using the
Computational Linguistics and Clinical Psychology
Workshop (CLPsych) and Reddit Suicide Watch
and Mental Health Collection (SWMH) datasets.
Through pre-training feature encoders on
extensive user datasets from the source domain,
the model acquired cross-subject shared
knowledge, subsequently mitigating the
distribution divergence between the source
domain and novel user data via a domain
adaptation module. The target domain phase
combined meta-learning strategies to rapidly
establish personalized psychological baselines
with limited data and identify abnormal patterns
of change. The system ultimately output
psychological crisis risk probabilities and tiered
early warning results to support real-time
intervention and dynamic monitoring.

Materials and methods
Overall framework of the DAMTL model

DAMTL model consisted of multimodal feature
coding, source domain pre-training, domain
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adaptive adjustment, and target domain element
learning. The model encoded the user's text,
behavior, and social data into a unified feature
representation and learned the general mental
model on the large-scale data in the source
domain. The domain adaptation module fine-
tuned a subset of the pre-trained model
parameters within the target domain, thereby
mitigating the distribution shift between the
source domain and novel user data. Meta-
learning strategy used support set and query set
to adapt quickly, so that the model could
establish personalized psychological baseline and
identify cooperative signal patterns that deviated
from the baseline. The model output risk
probability and graded early warning, which
provided a basis for early identification of
individual psychological state. The whole
framework maintained a clear division of labor
among modules, and features extraction,
adaptation, and meta-learning cooperated with
each other, to realize rapid response to new
users’ small sample data (Figure 1).

Source domain task learning

The primary objective of source domain task
learning within the DAMTL framework was to
derive shared feature representations from
source domain datasets, which then served as
the initialization point for subsequent target
domain meta-learning. Multi-modal feature
encoders were used to pre-train different modes
to generate feature representations. The text
modality was initialized via pre-training on
Bidirectional Encoder Representations from
Transformers (BERT) (https://doi.org/10.48550/
arXiv.1810.04805), which projected source
domain textual inputs into a high-dimensional
semantic feature space [16]. Behavior mode used
a Multi-Layer Perceptron (MLP) (https://en.
wikipedia.org/wiki/Multilayer perceptron) to
extract user behavior characteristics such as
clicking, browsing and interaction times [17].
Social patterns were pre-trained by Graph Neural
Network (GNN) (https://doi.org/10.1038/
s41598-021-95102-7), and social relations and
interaction patterns were mapped into node-
level features [18]. The features of the three
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Figure 1. Overall structure diagram of DAMTL.

modes were fused at the encoder output, and a
unified multi-modal representation Fy(X) was
obtained. In the source domain training stage,
the influence of other individuals was not
considered for the time being, and only the
preprocessed multimodal data was used to
iteratively optimize the parameter Fy of the
feature encoder until the performance reached
the preset goal or the upper limit of training
rounds. Let the source domain sample be X, the
corresponding label be Y, the classifier be Co,
and the model prediction ¥ be the follows.
Y = Cy(Fo(X)) (1)
The empirical loss was formally defined using a
cross-entropy loss function below.
Lexp = — %Y log(?i) (2)
The feature encoder parameters 6 and classifier
parameters ¢ were then updated using the
optimizer below.

0 «0-— nVGLexp (3)

¢ < ¢ - nvq&['exp (4)
where 1 was the learning rate. After completing
source domain training, the feature encoder
parameters 8 were frozen for use in the target
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domain task, while the classifier parameters ¢
were discarded for the few-shot target task. To
minimize parameter updates during transfer,
scaling factors Sy, and translation factors Sj
were introduced to fine-tune the neural network
weights W and biases b as follows [19].

W' =W Q Sy (5)

b'=bQOS, (6)
where (©® was element multiplication. For the
training subset T, associated with the target
task T, the corresponding loss function was
defined as below.

Lr = Lexp (C¢ (FB (XT)): Yr) (7)
The scaling and translation factors were initially
Sw =1and S, = 0 and optimized by gradient
descent in the training process as follows.

Sw < Sw — BVs, Lr (8)

Sp < Sp — BVs, L (9)
where f was the factor learning rate. After
updating, the feature encoder output the
following results.

Fy(X) = Sy O Fa(X) + S, (10)
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This mechanism was deployed to facilitate
support set and query set operations during the
target domain meta-learning phase. On the
premise of ensuring knowledge sharing in the
source domain, this method avoided parameter
forgetting in the migration process and provided
reliable initialization for small sample adaptation
of new tasks.

Domain adaptation module

The domain adaptation component integrated
into the DAMTL framework served to mitigate
distribution divergence between the source and
target domains, while preserving the meta-
learning paradigm’s adaptability to novel tasks
and minimizing feature discrepancy across
source and target task distributions. In the
process of target domain migration, directly
migrating the pre-trained multi-modal feature
encoder to the meta-learning stage would
update all parameters, which would easily lead to
the loss of learned shared features [20]. The
domain adaptive module allowed most of the
pre-training parameters to be frozen, and only a
few parameters were updated, which ensured
the retention of source domain knowledge and
improved the adaptability in small sample
learning in the target domain [21]. Maximum
Mean Discrepancy (MMD) is a widely adopted
metric for addressing domain adaptation
challenges [22]. Let the sample set in the source
domain be X, the sample set in the target
domain be X;, and the sample mean values be p
and u; , respectively. MMD quantified the
distribution divergence between the source and
target domains by evaluating discrepancies in
their respective empirical means with the formal
definition given as follows.
MMD(XS’Xt) = ”.us_.utllz (11)
Domain adaptive loss L4 incorporated an MMD
term into the training objective, enabling the
feature encoder to minimize distribution
divergence between the two domains while
preserving source domain knowledge as below.

Lpa = MMD (Fg(Xs), Fo (X)) (12)
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In the meta-learning stage, the optimizer only
updated some trainable parameters 8’ and
frozen the rest of the parameters. The parameter
updating equation was shown below.
0' 0" —nVgLp, (13)
The refined feature encoder was capable of
producing  feature representations  that
discriminated between the source and target
domains, and meanwhile, it considered the fast
adaptability of a few samples, providing stable
input for the meta-learning task in the target
domain.

Target domain meta-learning

Target domain meta-learning was mainly used to
quickly establish a personalized psychological
baseline under the conditions of new users and
few samples. In the proposed model, it leveraged
the domain-adapted multi-modal feature
encoder Fy to extract multi-modal features from
the target task and the parameters of the basic
learner Ly being trained by the support set. The
support set comprised a limited number of
annotated samples, which were utilized to train
base learners for capturing task-specific
individual characteristics. Following support set
training, the base learner’s performance was
assessed on the query set, and the meta-learner
parameters were optimized using the query set
loss to achieve rapid cross-task adaptability. Let
the target task set be {T;}, and each task included
a support set S; and a query set Q;. The loss
function of the basic learner training on the
support set was expressed below.

Léupport = CE(L¢(Fé (), YSL) (14)
The base learner L;l,i computed the test loss on
the query set via parameter updates, which was
then used to refine the meta-learner parameter
¢ as follows.

Liyery = CE(Ly,(F5(Q0), Yo,) (15)
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Upon completion of all meta-training tasks, the
meta-learner was capable of rapidly adapting to
limited data inputs when confronted with unseen
tasks and realized personalized prediction of the
psychological state of new users. The support set
of the unknown task {Tj"ew} was employed to
fine-tune the base learner, while the query set
was utilized to assess its performance. The
model’s generalization performance on novel
tasks was quantified by using the average of
evaluation results. This approach preserved the
shared knowledge embedded in the source
domain while effectively leveraging limited
target domain data, giving consideration to
stability and rapid adaptability.

Psychological crisis risk output

After the completion of the learning stage of
target domain elements, the DAMTL model could
evaluate the psychological state of new users in
real time. The characteristics of prediction meant
that the risk scores were obtained through the
basic learner first, and these scores reflected the
possibility of individual psychological crisis in the
current time period. To facilitate understanding
and decision-making, the model mapped the risk
score to three levels of hierarchical early warning
including low, medium, and high. Each level
corresponded to different concerns and
intervention suggestions. Risk output not only
considered a single negative emotion but also
integrated the collaborative patterns of multi-
dimensional signals such as emotion, cognition
and social behavior like depression accompanied
by social withdrawal or cognitive distress plus
abnormal behavior patterns. The model could
quickly adjust the prediction results with a small
amount of data, and timely capture the abnormal
state that deviated from the personal
psychological baseline. The outputs generated
were applicable to a diverse range of scenarios
such as mental health monitoring, personalized
intervention recommendations, and research
analytics. Under the premise of protecting users’
privacy, the system could realize the early
identification of high-risk psychological crisis by
using only a small amount of historical data and
provide a basis for further intervention or
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decision-making. The whole output process was
closely connected with the previous feature
extraction, domain adaptation, and meta-
learning, so that the model could maintain stable
prediction ability in a dynamic environment,
considering individual differences and small
sample adaptation needs.

Experimental data set and experimental setup

In this research, two public mental health-related
datasets were used to verify the performance of
the DAMTL model under the same dataset and
cross-dataset conditions, which included the
Computational Linguistics and Clinical Psychology
Workshop (CLPsych) 2016 dataset [23] (https://
github.com/IKBLab/CLPsych2016) and SWMH
dataset [24] (https://zenodo.org/records/
6476179). CLPsych dataset contained emotional,
cognitive and social behavior labels of multiple
subjects, which was suitable for cross-subject
experiments with the same dataset, while SWMH
dataset contained suicide-related text and
sentiment/behavior labels, which could be used
for domain transfer experiments. Both datasets
were preprocessed including text vectorization,
behavioral data standardization, and time series
feature generation to be input into DAMTL
model. All experiments were conducted on a
workstation equipped with a 64-bit Windows 10
operating system, an Intel Core i7 processor, 8 GB
of RAM, and an NVIDIA RTX 3060 graphics card. It
was implemented in Python 3.9
(https://www.python.org) using PyCharm
(https://www.jetbrains.com/pycharm/) and the
GPU-Keras (https://keras.io) framework. For the
DAMTL model, the number of epochs was set to
10 during the pre-training phase and 50 during
the meta-learning phase. The learning rate for
the base learner was set to 5 x 103, and the
learning rate for the meta-learner was set to 5 x
10®%. The Adam optimizer was used with a
dropout rate of 0.2 and a batch size of 64. During
training, the learning rate was halved twice every
100 steps, and an early stopping strategy was
employed to prevent overfitting. All experiments
were evaluated using 10-fold cross-validation.
Three types of tasks were conducted in the study,
which included cross-subject experiments with
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the same dataset, cross-subject experiments
with  different  datasets, and ablation
experiments. The cross-subject experiments with
the same dataset divided the CLPsych dataset
into a training set and a test set, in which the
training set was used for task learning and meta-
training in the source domain, and the test set
was used for small sample adaptation in the
target domain. Psychological risk levels were
categorized into three groups of low risk,
medium risk, and high risk with N-way being set
to 3. To examine the impact of different K-shot
support set sizes on model performance, the
support set sizes were set sequentially to 5, 10,
15, 20, 25, 30, 35, and 40, and the accuracy, F1-
score, and Area Under the Curve (AUC) were
recorded. The cross-subject experiments with
different datasets defined CLPsych as the source
domain and SWMH as the target domain,
enabling evaluation of the DAMTL model’s
adaptability and generalization capability under
conditions of domain distribution shift. In
experiments on the same dataset, DAMTL
adopted a 3-way, 25-shot task setup, where each
task consisted of three classes with 25 training
samples provided for each class. To reduce the
variability caused by random partitioning, the
models in both experiments were run
independently three times under the same
settings with the training and test sets
repartitioned each time. The results were
analyzed based on the statistical performance
across these three runs. MAML (https://doi.org/
10.48550/arXiv.1703.03400), Prototypical
Network (ProtoNet) (https://doi.org/10.48550/
arXiv.1703.05175), Fine-tuned  Multimodal
Bidirectional Encoder Representations from
Transformers  (FT-MBERT)  (https://doi.org/
10.1007/s10660-022-09560-w), Multimodal
Convolutional Neural Network—Long Short-Term
Memory (CNN-LSTM) (https://doi.org/10.1016/
j.compmedimag. 2022. 102128), BERT, MLP, and
GNN were used as baseline models. DAMTL was
compared with these baseline models under
consistent settings. Paired t-tests were used to
analyze the results of three independent
experiments, verifying the statistical significance
of performance differences between DAMTL and
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each baseline model with a significance level set
at P < 0.05. Statistical analysis was performed in
a Python 3.9 environment using the scipy.stats
module from SciPy library (https://scipy.org/). All
models were compared under the same data
partitioning and experimental settings to ensure
the comparability of statistical results. Ablation
experiments were designed to sequentially
remove the domain adaptation module,
multimodal feature fusion, and meta-learning
strategy under the same dataset and cross-
subject conditions, which was done to evaluate
the contribution of each component module of
the DAMTL model to performance. The task
settings remained the same as 3-way and 25-
shot.

Results and discussion

Support set partition analysis

The results demonstrated that expanding the
support set size from 5-shot to 25-shot yielded
significant improvements in the model’s
accuracy, Fl-score, and AUC with the increases of
7.15%, 7.59%, and 7.69%, respectively. When the
K-shot exceeded 25, the performance
improvement tended to be stable. The accuracies
of 30-shot, 35-shot, and 40-shot were all about
76.3%, while F1-scores and AUCs were basically
the same (Figure 2). If the support set was too
small, the rapid adaptability of the model would
be limited, and a small number of samples could
not fully characterize the task characteristics,
which made the accuracy and F1-score fluctuate
greatly. With the increase of support set samples,
the model could establish an individual
psychological baseline more stably and improve
the prediction accuracy. After more than 30
samples, the performance gain was not obvious,
which showed that the meta-learning strategy of
DAMTL had fully played its role in the scene with
few samples. Based on comprehensive accuracy,
Fl-score, and AUC performance, 25-shot as a
support set size could give consideration to both
performance and training cost and was a
reasonable parameter selection.
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Figure 2. Impact of K-shot Support Set Size on Performance.

Table 1. Results from three cross-subject experiments of the DAMTL model with the same dataset.

Number of experiments Accuracy (%) Fl-score (%) AUC
Experiment 1 76.3 74.9 0.83
Experiment 2 76.5 75.2 0.84
Experiment 3 76.3 75.1 0.84

Mean = SD 76.4 £0.12 75.1£0.15 0.84 £ 0.006

Model performance verification

The accuracy, Fl-score, and AUC values across
the three experiments exhibited narrow ranges
and low standard deviations (SD) (Table 1),
indicating the DAMTL model’s high stability and
reliability when applied to cross-subject analysis
on the same dataset. The model could quickly
establish an individual psychological baseline
with a small number of support sets while
maintaining adaptability to different subjects.
The comparison results between DAMTL and the
baseline models MAML, ProtoNet, FT-MBERT,
multimodal CNN-LSTM, monomodal BERT, MLP,
and GNN showed that DAMTL was superior to
other methods in accuracy, Fl1-score, and AUC.
Compared with MAML, the accuracy, F1 score,
and AUC of DAMTL increased by 3.4%, 3.6%, and
0.04%, respectively, while compared with
ProtoNet, the improvement was more obvious.
Compared with the best performing FT-MBERT,
the accuracy, Fl1-score, and AUC of DAMTL were
improved by 2.96%, 3.3%, and 3.7%, respectively,
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which showed that the domain adaptation and
multimodal element-transfer learning strategy of
DAMTL were effective in stably capturing
individual psychological characteristics. The
performance of the single-mode model was
generally low, which verified the necessity and
advantages of multi-mode feature fusion (Figure
3). The results confirmed that DAMTL was stable
and had high prediction accuracy in cross-subject
experiments with the same dataset. Compared
with traditional meta-learning or transfer
learning methods, DAMTL was more effective in
small sample adaptation and individualized risk
identification. The results of the performance
metrics of the DAMTL model showed that the
accuracy, Fl-score, and AUC values across the
three experimental replicates remained within
narrow ranges of 71.5 - 71.8% for accuracy, 70.2
- 70.5% for Fl-score, and 0.81 - 0.82 for AUC,
demonstrating minimal performance fluctuation
(Table 2). The model maintained adaptability in
cross-domain  tasks, effectively extracting
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Figure 3. Comparison of cross-subject experimental results using the same dataset.

Table 2. Results from three cross-subject experiments using different datasets for the DAMTL model.

Number of experiments Accuracy (%) Fl-score (%) AUC
Experiment 1 71.8 70.5 0.82
Experiment 2 71.5 70.3 0.81
Experiment 3 71.6 70.3 0.81

Mean + SD 71.6 £0.15 70.3+0.12 0.81 + 0.006

individual psychological characteristics for risk
prediction even when source and target domains
exhibited  distributional  differences. The
performance of DAMTL alongside MAML,
ProtoNet, FT-MBERT, Multimodal CNN-LSTM,
and unimodal models in cross-dataset tasks
demonstrated that DAMTL still maintained high
performance in cross-dataset experiments with
accuracy, F1-score, and AUC of 71.6%, 70.3%, and
0.81, respectively. Compared with MAML,
DAMTL increased by 5.29%, 5.71%, and 3.85%,
respectively. The unimodal model displayed an
obvious decline in the migration from the source
domain to the target domain, which showed that
multimodal feature fusion and domain adaptive
strategy played an important role in dealing with
the distribution difference between the source
domain and the target domain (Figure 4). DAMTL
not only maintained stability in cross-subject
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experiments with different datasets but also was
superior to traditional meta-learning, transfer
learning, and monomodal models, and could
quickly adapt to new tasks and make accurate
psychological crisis risk prediction in the face of
distribution differences and few samples. The
results of paired t-test analyzing the outcomes of
three independent experiments indicated that, in
cross-subject experiments on the same dataset,
comparisons between DAMTL and MAML,
ProtoNet, FT-MBERT, and other baseline models
showed that DAMTL achieved statistically
significant improvements in accuracy, Fl-score,
and AUC (P < 0.05) with particularly notable
differences compared to FT-MBERT and MAML.
In cross-subject experiments across different
datasets, DAMTL also demonstrated a significant
advantage over all baseline models (P < 0.05),
indicating that it retained stable generalization
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Table 3. Results of the paired t-test for model performance across the two experiments.
Experimental Comparison t-value p-value t-value p-value t-value | p-value
setup models (Accuracy) (Accuracy) | (F1l-score) | (Fl-score) | (AUC) (AUC)
MAML 412 0.014 4.35 0.011 3.98 0.016
c bi ProtoNet 4.68 0.009 4,91 0.007 4.22 0.013
ross;.sr: Jr‘ftCt FT-MBERT 3.75 0.018 3.89 0.015 341 | 0.022
EXPETIMENts ™= N-LSTM 4.01 0.015 4.20 0.012 388 | 0.017
using the same
dataset BERT 5.02 0.006 5.21 0.004 4.76 0.008
MLP 5.89 0.003 6.10 0.002 5.44 0.005
GNN 5.36 0.004 5.58 0.003 4,92 0.007
MAML 5.03 0.006 5.18 0.005 4.62 0.009
c biect ProtoNet 5.41 0.004 5.63 0.003 4,95 0.006
erxosz;f:]ef; FT-MBERT 4.36 0.012 4.52 0.010 401 | 0.015
usinp dire > | CNN-LSTM 4.89 0.007 5.05 0.006 438 | 0011
ditasets BERT 6.02 0.002 6.18 0.002 555 | 0.004
MLP 6.74 0.001 6.91 0.001 6.08 0.003
GNN 6.11 0.002 6.29 0.002 5.67 0.004

capabilities in distribution transfer scenarios
(Table 3). The statistical results confirmed that
the performance improvement of DAMTL was
not due to random fluctuations but maintained a
consistent advantage across multiple repeated
experiments, further validating the effectiveness
of domain adaptation and meta-transfer learning
strategies.

Ablation experiment
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The results of the ablation study showed that,
after the domain adaptation module was
removed, the accuracy rate decreased by 2.4%,
F1-score decreased by 2.5%, and AUC decreased
by 0.03, which confirmed that domain adaptation
played an obvious role in alleviating the
distribution difference between the source
domain and the target domain and improving
cross-subject adaptability. The removal of multi-
modal feature fusion had the greatest impact on
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Table 4. Ablation experiment results.

Model Variants Accuracy (%) Fl-score (%) AUC

Full DAMTL Model 76.4 75.1 0.84

Without Domain Adaptation Module 74.0 72.6 0.81

Without Multimodal Feature Fusion 72.2 70.5 0.79

Without Meta-Learning Strategy 73.0 71.2 0.80
performance with the accuracy reduced to distributions. The results indicated that the

72.2%, Fl-score reduced to 70.5%, and AUC
reduced to 0.79, indicating the core position of
multi-modal feature fusion in capturing
individual psychological state. After removing the
meta-learning strategy, the performance also
dropped, but it was slightly better than only
removing the multi-modal features, which
showed that meta-learning provided a stable
optimization framework for rapid adaptation
with few samples. From the results of ablation
experiments, it could be concluded that each
module contributed significantly to the overall
performance of the DAMTL model. The domain
adaptive module ensured the stability of cross-
task migration, multimodal feature fusion
improved feature expression ability, and the
meta-learning strategy enhanced the adaptation
speed of few samples. The combination of the
three formed a complete DAMTL model, which
could maintain accuracy and stability in tasks
with a few samples, cross-subjects, and cross-
data sets.

Conclusion

This study addressed the challenge of real-time
psychological crisis detection under low-sample-
size conditions by developing the DAMTL model,
which was based on meta-learning and domain
adaptation to enable psychological risk
identification across subjects and datasets. The
model demonstrated stable performance in
experiments on CLPsych and SWMH datasets,
achieving superior accuracy, Fl1-score, and AUC
under 3-way and 25-shot settings, indicating
strong  generalization  capabilities  under
conditions of limited samples and varying
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model exhibited some sensitivity to the K-shot
scale with more pronounced performance
improvements at lower sample sizes, gradually
stabilizing as the support set increases, reflecting
the role of meta-learning mechanisms in rapidly
adapting to new tasks. Ablation experiments
further validated the combined contributions of
domain adaptation, multimodal feature fusion,
and meta-learning strategies to performance
enhancement, highlighting the critical role of
multimodal information in psychological risk
modeling. However, there were still some
limitations in this study. The experiment was
mainly based on text-related mental health
datasets, and the modal types and scenarios
were relatively limited. The real-time and long-
term stability of the model in the real online
environment was not fully verified. In the future,
more modal information such as physiological
signals and behavior logs should be introduced to
further improve the comprehensiveness of risk
identification. Meanwhile, the lightweight model
structure should be explored to meet the actual
deployment needs, and continuous time series
modeling may be combined to promote the
psychological crisis early warning from offline
analysis to continuous monitoring and dynamic
intervention.
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