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Abstract

Background: Online social support, the interaction among individuals in which one helps another during difficult situations
through online platforms such as online forums or social media, has proliferated as a vital tool for personal mental health care.
Despite the growing usage and importance of online social support, prior studies have mainly focused on either understanding
the characteristics of support seekers or merely identifying types of support, which leaves room for improvement in 2 key
areas. First, the intensity of support, indicating the strength of willingness provided by supporters, has been studied little.
Second, existing models rely heavily either on handcrafted features or on simple text embeddings of the entire message, which,
respectively, fail to capture comprehensive textual features or to provide explainability in classification model decisions.

Objective: This study proposes a deep learning model that not only predicts the intensity of online social support but also
provides human-readable evidence that explains the reasoning behind the decision made by the proposed model. While prior
studies mainly concentrated on the task of identifying support types, this research quantifies the strength of support, which may
better explain how strongly supporters seek to deliver informational and emotional support.

Methods: The proposed model categorizes informational and emotional support into 3 levels—strong, moderate, and weak.
It collaborates with a large language model (LLM) to extract key sentences or phrases expressing supportive intent and to
compute sentiment scores from both the original post and the reply. All extracted texts are then encoded as a vector representa-
tion whose elements indicate the presence of text segments corresponding to predefined features. All the computed features
are finally fed into the neural network layers for intensity classification. The proposed model was evaluated on 2 independent,
human-annotated datasets collected from previous studies, which consist of 1000 and 400 pairs of support-seeking posts and
their associated supporting comments, respectively.

Results: The model achieved superior accuracy compared to baselines on both datasets (0.728/0.694 and 0.709/0.598 for
informational support and emotional support, respectively). Through a case study of representative examples, we show that
the extracted texts serve as useful evidence explaining the decisions made by the proposed model. For example, explicit intent
to support (eg, providing a detailed solution or showing strong empathy) is successfully extracted and used to detect strong
support, whereas only indirect support (eg, telling personal stories or offering general advice) is present and can be captured as
weak support.

Conclusions: Through cooperation with LLMs, quantifying the intensity of online social support is highly achievable. In
addition, the sentences extracted by LLMs can be used to explain the decisions made by the proposed model.
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Introduction

Online social support, an interaction among individuals in
which people help one another during difficult situations
through online platforms such as online forums or social
media [1], has become a key vector for caring for personal
mental health in recent years. By providing spaces where
users can share experiences, seek advice, and offer empathy
anonymously, online digital health platforms such as TalkLife
or 7Cups have facilitated the proliferation of online social
support for diverse health issues, including HIV, cancer,
sexual abuse, and mental health [2].

The increasing popularity of online social support has
spurred the research community to understand and predict
its characteristics and effects. In particular, focusing on the
support seekers, prior studies have primarily analyzed the
characteristics of support-seeking messages and the psycho-
logical effects of online social support [3.4]. On the other
hand, there have been efforts to explore what online social
support is delivered and how it is delivered [2,5]. With
significant advances in machine learning techniques and the
insights provided by prior studies, a few attempts to develop
machine learning models for diverse tasks related to online
social support, including the classification of support types
[6] and the degree of satisfaction with the given support [7],
have emerged.

Although these prior studies have provided important
insights into understanding and predicting online social
support, there is room to improve prior research from 2
perspectives. First, the intensity of support, which indicates
the strength of willingness provided by supporters, has been
little explored, whereas support types (eg, informational or
emotional) and their effects on support seekers have been
mostly investigated. Since not only the types of online social
support but also the strength of support may affect the
mental state of support seekers, we believe that predicting
and understanding the intensity of online social support are
important. Second, the models proposed in previous research
have relied either on handcrafted features or on simple text
embeddings of the entire support message, which, respec-
tively, make it difficult to capture comprehensive textual
features or to provide explainability in classification model
decisions.

In this paper, we propose a deep learning—based model that
not only predicts the intensity of online social support but also
provides human-readable evidence that can show the reason
for the decision made by the proposed model. To the best
of our knowledge, this is among the first studies to develop
a classification model for the intensity of social support.
To this end, the proposed model classifies the intensity of
informational support (IS) and emotional support (ES) for a
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given supporting message into 3 classes (strong, moderate,
and weak). The proposed model extracts important sentences
or phrases that may indicate the specific intent of support
(eg, showing empathy or providing solutions) by leverag-
ing a large language model (LLM), which has shown great
success in diverse natural language processing (NLP) tasks.
The final decision (ie, intensity of online social support) is
made by using the feature vectors encoded from the extracted
text. In addition, the extracted text is presented alongside
the intensity of social support to provide human-readable
evidence. Our evaluation on 2 human-annotated datasets has
demonstrated that the proposed model can accurately estimate
the strength of IS and ES; the accuracy values for IS and ES
on the 2 datasets are 0.728 (0.709) and 0.694 (0.598), which
outperform all other baseline models. In addition, through
a case study on representative examples, we reveal that the
extracted text can be used as useful evidence that explains
the decisions made by the proposed model—we find that the
explicit intent of support (eg, providing a detailed solution or
showing strong empathy) is successfully extracted and used to
detect strong support, while only indirect support (eg, telling
personal stories or offering general advice) is present and can
be captured in weak support.

Methods
Prediction Model

Task Definition

In this study, we propose a deep learning model to classify
the intensities of ES and IS, which indicate how strongly
these forms of support are represented in a given comment.
To this end, we define the prediction task as a multiclass
classification problem with 3 labels: strong, moderate, and
weak. Note that the intensities of ES and IS are predicted
by 2 different models, each designed for the corresponding
intensity estimation.

Overall Architecture

The overview of the proposed model is illustrated in Figure 1.
The model consists of four main components: (1) explainable
key feature extractor, which communicates with an LLM to
extract key textual features and compute sentiment scores for
a post or comment; (2) text encoder (TE), which encodes the
input post and its associated comment into vector representa-
tions; (3) binary vector encoder (BVE), which encodes the
extracted texts into a vector representation in which each
element indicates the existence of a text segment correspond-
ing to a predefined feature; and (4) intensity classifier, which
combines all the outputs of the encoders and the key feature
extractor to finally predict the intensity of ES and IS.

J Med Internet Res 2026 | vol. 28 195025 | p. 2
(page number not for citation purposes)


https://www.jmir.org/2026/1/e95025

JOURNAL OF MEDICAL INTERNET RESEARCH

Park & Choi

Figure 1. The overall architecture of the proposed model for estimating the intensity of emotional or informational support. The input text consists
of a support-seeking post and its associated comment for support. The first component, the explainable key feature extractor, interacts with a large
language model (LLM) to (1) extract the key parts of the text related to each predefined factor and (2) compute the sentiment intensity for the given
post and comment in the range of —2 (ie, strong negative) to 2 (strong positive). The extracted texts are fed into the binary vector encoder, which
outputs a binary vector in which each element indicates the presence of a predefined feature. All the concatenated feature vectors from the encoders
are then forwarded to the final classifier layer, which determines the intensity of the support as strong, moderate, or weak. Note that all outputs of the
key feature extractor (ie, extracted text segments and sentiment scores) can be used as human-readable evidence supporting the final decision. BERT:

bidirectional encoder representations from transformers; N/A: not available.
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One of the key characteristics of the proposed model is its
ability to extract key textual parts from posts and comments
across diverse perspectives and to compute sentiment scores,
which are used not only to identify the intensity of online
social support but also as human-readable evidence. There
are several rationales for this approach. First, it has been
reported that IS or ES tends to include specific factors for
effective support, such as personal experiences, reflections of
feelings, expressions of empathy, or informational solutions
[8]. Therefore, we design the prediction model to focus more
on the important cues for predicting the intensity of support.
Second, although neural network—based models have shown
great success across many tasks in diverse domains, many
models suffer from a lack of interpretability that can reveal
the reasons for decisions of the model. In recent years, a few
attempts have been made to provide evidence for the output
of the model to explain the results, which can give not only
a better understanding of the process of the model but also

Table 1. The key features and their output types®.

great insights into the target task. Since the texts extracted
and used by the proposed model are human-readable, they
can also be used for the interpretation of the results by the
proposed model, which enhances the explainability of the
proposed model.

Using these rationales, we design the feature extractor
component to communicate with an LLM that has shown
great success in diverse NLP tasks. In particular, the feature
extractor requires key sentences and phrases that indicate
specific expressions related to IS or ES, which include
empathy, encouragement, the sharing of personal experien-
ces, the suggestion of solutions, and the sharing of exter-
nal resources or references. The LLM is also responsible
for computing sentiment scores for both the post and the
comment in the range of —2 (“strong negative”) to 2 (“strong
positive”). All the features, their output types, and the
prompts used to communicate with the LLM are summarized
in Table 1 and Multimedia Appendix 1.

Output  ISY/ES/
Type Model type both
Advice request in post An explicit existence of a request for advice in a given support-seeking post. Binary Both
External link or reference  The texts of the external references or URLs. Text Both
Informational answering ~ The sentences or paragraphs that indicate advice, recommendations, or suggestions. Text Both
Sharing experience The sentences or paragraphs to share personal experiences or the experiences of others. Text Both
Showing empathy The sentences or paragraphs that indicate empathy. Text Both
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Output ISP/ESS/
Type Model type both
Encouragement The sentences or paragraphs that provide encouragement. Text Both
Request to contact The sentences or paragraphs that indicate explicit request to be contacted or provide a way to Text Both
initiate contact.
Personal emotion The sentences or paragraphs that contain nonsupportive emotion. These may include expressions of ~ Text Both
the speaker’s own emotional state, observations, or personal reflections that are not directed at
supporting the other person.
Reflection The sentences or paragraphs that include reflective language but do not clearly offer emotional Text Both
support, encouragement, problem-solving advice, or personal experience sharing. These may
include vague expressions of empathy, indirect emotional comments, or ambiguous feelings that
lack clear supportive intent.
Emotional validation The sentences or paragraphs that explicitly affirm the legitimacy and normality of the target Text Both
individual's emotional responses.
Shared emotional The sentences or paragraphs including expressions where the commenter discloses similar personal — Text Both
experience experiences of distress, fostering a sense of shared suffering and reducing perceived isolation
through affective alignment.
Hope expression The sentences or paragraphs that convey optimism about the target individual's future or recovery,  Text Both
emphasizing positive outlooks and perceived resilience.
Nonjudgmental support ~ The sentences or paragraphs capturing explicit expressions of nonevaluative stance toward the Text Both
target individual's situation, choices, or emotions.
Explicit emotion The sentences or paragraphs that explicitly recognize and label the specific emotions experienced by Text Both
recognition the target individual, reflecting a higher level of empathic attunement through precise emotional
identification.
Sentiment scores The integer values that represent degrees of the sentiments indicated in the given text. The values Integer Both
are in a range of -2 to +2, where -2 and +2 represent strong negative and positive sentiment,
respectively.
Self-disclosure The sentences or paragraphs that disclose a past personal experience. Text IS
General suggestions The sentences or paragraphs that offer suggestions. This includes questions, conditional statements, Text 1S
or advice that lacks specificity or clear guidance. These sentences may sound helpful but do not
provide concrete or actionable information.
General advice The sentences or paragraphs that give general advice (eg, life advice or statements applicable to Text IS
anyone).
Detailed solution The sentences or paragraphs that clearly provide practical solutions or step-by-step instructions to Text IS
resolve a problem or situation.
Information sources The sentences or paragraphs that include concrete references to external resources, such as named Text 1S
websites, books, medical sources, or research-backed information.
Nonemotional expression The emotionally neutral sentences or paragraphs that usually include information, observation, or Text ES
general statements.
Strong empathy The sentences or paragraphs that express strong empathy toward the recipient. Text ES
Strong encouragement The sentences or paragraphs that express strong help or encouragement. Text ES

4The last column indicates whether the features are extracted to determine the intensity of IS, ES, or both.

bIS: informational support.
°ES: emotional support.

All the extracted features and the computed sentiment scores
follow different paths; the text features are fed into the text
encoder component, while the sentiment scores are concaten-
ated with the output of the text feature encoder.

Text Encoder

The text encoder is responsible for computing linguistic
feature vectors for the given pair consisting of a support-seek-
ing post and its associated supporting comment. To this end,
we comprehensively investigated popular pretrained language
models (PLMs), including bidirectional encoder representa-
tions from transformers (BERT) [9] and RoBERTa (robustly
optimized BERT approach) [10], and finally decided to use
BERT, which outperformed all the other PLM models. The
whole process of calculating the final output (Embyex¢) can be
formulated as follows:

https://www jmir.org/2026/1/€95025

Emb.,«=BERT| post\ @\ comment\ | € R* (1)

where d indicates the dimension of the embedding vector.

BVE

The BVE computes a feature vector whose elements indicate
whether a text segment exists for each predefined text feature.
For example, in Figure 1, 2 text segments are extracted for
2 features, “showing empathy” and “encouragement.” In this
case, the 2 elements of the binary vector that correspond to
these features are set to 1, while all the other elements are set
to zero.
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Intensity Classifier

The last component, the intensity classifier, concatenates
all the encoded feature vectors (ie, text embedding, binary
vector, and the sentiment scores) and finally passes the
concatenated vector through an activation layer for the final
decision (ie, the intensity of IS and ES). Formally, the
decision by the classifier can be defined as:

5)\ i= F (Embtext D Vbinary D Vsentiment) (2)
where y; € {1,2,3} represents the classes of the intensity of
support in the order of weak, moderate, and strong, respec-
tively. Note that Vieptiment 1 the sentiment scores of the post
and the comment, computed by an LLM from key feature
extractor.

To optimize the model parameters, we use categorical
cross-entropy loss, a popular loss function for multiclass
classification tasks. To address the class imbalance problem,
we use inverse ratio—based class weights (CWs) to the loss
function. The final formula of the loss function can be written
as follows:

c
L= - Z wyilog p; (3)
=1

where C, y;, and [/J\i are the number of classes, the ground-

truth label, and the predicted probability for class i, computed
using the softmax function, respectively. The CW for class
i, denoted as wj;, is defined as the inverse of the ratio of the
number of instances in class i over the training set.

Experimental Setup

Datasets

We evaluated the proposed model with 2 independent datasets
constructed by Peng et al [11] and Sharma and De Choud-
hury [12], which consist of 1000 and 400 pairs of support-
seeking posts and their associated supporting comments,
respectively. The supporting comments in these datasets
were inspected and labeled by more than 2 human annota-
tors who were instructed in advance. Note that the detailed
methods including data collection, refinement, validation
for the data labeling, and agreement among the annotators
have been reported by Peng et al [11] and Sharma and De
Choudhury [12], respectively. The Cohen « values for IS
and ES in Sharma and De Choudhury [12] are 0.879 and
0.876, respectively, while Peng et al [11] reported Cronbach
o values of 091 and 0.81 for IS and ES, respectively.
We measured the performance of the proposed model for
predicting the intensity of social support with 5-fold cross-
validation.

Hyperparameters and Implementation Details

We conducted a grid search over the following hyperpara-
meter space: epoch € {3, 5, 10}, batch size € {4, 8,
16}, and learning rate € {le-5, 2e-5, 5e-5}. The optimal
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hyperparameter configuration was determined based on the
average performance obtained from 5-fold cross-validation.
We finally set the batch size, learning rate, and epoch
counts to 16, 2e-5, and 5, respectively. After investigating
multiple PLMs, we finally decided to use the BERT-base-
uncased model to generate feature vectors of the extracted
texts. We set different output dimensions of FCygo for the
intensity classification of IS and ES, which are 768 and
1600, respectively. We used the AdamW optimizer [13] and
softmax for model training and activation, respectively. Note
that all the proposed models were implemented on a machine
of Apple M4 Pro CPU (with integrated GPU), 24 GB of
RAM, using Python 3.11.11 (Python Software Foundation)
and PyTorch 2.2.0 (PyTorch Foundation) on macOS 15.6.1

(Apple).
Baseline Models

We selected the following models as baseline models for
evaluation:

e LLMs: in recent years, LLMs have shown great
inference capabilities across diverse tasks. To measure
and compare their ability to perform the classification
task with that of the proposed models, we selec-
ted 3 well-known LLMs: ChatGPT (GPT-3.5-turbo),
ChatGPT (GPT-4), and ChatGPT (GPT-40).

e PLMs: despite their smaller size in terms of the number
of parameters, PLMs such as BERT and RoBERTa are
still widely used across diverse NLP tasks. Here, we
choose RoOBERTa and BERT as the baseline models for
comparison.

Evaluation Metric

Given the number of TP (true positive), FP (false posi-
tive), TN (true negative), and FN (false negative) instances,
we evaluated the proposed model by measuring accuracy,
precision, recall, and F{-score, which are defined as follows:

N ] TP+TN
Ceuracy: ToITN+FP+FN

® Precision: %

® Recall: TP&%
2 X Precision X Recall

Precision+Recall

* Fj-score:

Note that we report the average scores of 4 metrics across
the 5-fold cross-validation. To assess the statistical signifi-
cance across different trials, we conducted all experiments
twice and measured P values from a paired ¢ test between 2
trials. All the P values from the paired ¢ test across multiple
experiments are greater than 0.05, indicating no significant
differences among the trials.

Ethical Considerations

Institutional review board review was not required for
this study under local regulations and institutional policies.
According to Article 13 of the Enforcement Regulations of
the Bioethics and Safety Act of South Korea [14], research
that exclusively uses publicly available or secondary data and
does not collect, store, or record any personally identifiable
information is not subject to formal ethics board review.
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This investigation consists solely of a secondary analysis
of 2 independent, fully anonymized, and human-annotated
datasets from previous studies (comprising 1000 and 400 text
pairs, respectively). The authors had no direct interaction with
human participants or any intervention involving them, and
no personal data were accessed. Therefore, this study poses
zero risk to participants and meets the criteria for exemption
from formal ethical review.

Results

Overall Performance

Tables 2 and 3 present the evaluation results of the baseline
and proposed models that identify the intensity of IS and

Park & Choi

ES, respectively, using 2 public datasets. Note that we also
report the performance of 2 more variants (TE+BVE and
TE+BE+CW) of the proposed model for an ablation study,
which are the models with (1) only TE and BVE and (2) a
class-weighted loss function, respectively. As shown in both
tables, the proposed model outperforms all other baseline
models on the dataset by Peng et al [11]. The accuracy and
F1-scores of the proposed model (all-inclusive) for IS and ES
are 0.728 (0.709) and 0.730 (0.709), respectively, demonstrat-
ing that the proposed model can accurately estimate the
intensity of these support systems.

Table 2. Evaluation results of the baseline and proposed models for informational support on 2 datasets®.

Pengetal [11]

Sharma and De Choudhury [12]

Type and model Accuracy Precision Recall F-score Accuracy Precision Recall F-score
LLMP

GPT-3.5-turbo 0.469 0.586 0412 0.395°¢ 0.273 0.505 0.385 0.237¢

GPT-4 0.487 0.542 0477 0.4684 0.389 0.486 0.466 0.381¢

GPT-40 0.487 0511 0492 0.490°¢ 0.626 0.661 0.630 0.627¢
pLMf

RoBERTa# 0.620 0.621 0.650 0.630° 0.625 0.612 0.577 0.5554

BERTD 0.673 0.677 0.681 0.679¢ 0.675 0.663 0.636 0.641°¢
Proposed (TEi+BVEj) 0.693 0.700 0.700 0.700 0.675 0.637 0.623 0.627
Proposed (TE+BVE+CWk) 0.711 0.721 0.716 0.716 0.692 0.686 0.666 0.671
Proposed (all inclusive) 0.728 0.739 0.726 0.730 0.694 0.694 0.675 0.680

aAverage values of the performance metrics across the 5-fold cross-validation are reported. A paired  test was conducted between the proposed
model and the baseline models for Fj-scores across the 5-fold cross-validation (P<.05, P<.01, P<.001).

bLLM: large language models.

€P<.001.

dp<01.

€pP<.05.

fPLM: pretrained language models.

gRoBERTa: Robustly Optimized BERT approach.

PBERT: bidirectional encoder representations from transformers.
'TE: text encoder.

JBVE: binary vector encoder.

kCW: class weight.

Table 3. Evaluation results of the baseline and proposed models for emotional support on 2 datasets®.

Pengetal [11]

Sharma and De Choudhury [12]

Type and model Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score
LLMP

GPT-3.5-turbo 0.531 0.534 0.501 0.509°¢ 0.447 0.534 0.455 0.367¢

GPT-4 0451 0472 0474 0455° 0.523 0.541 0.528 0.500¢

GPT-40 0.496 0.500 0.527 0.499¢ 0.551 0.587 0.552 0.555°¢
PLM¢

RoBERTa 0.664 0.683 0.642 0.645¢ 0.625 0.602 0.627 0.605¢

BERT! 0.664 0.714 0.604 0.626° 0.613 0.623 0.612 0.612°
Proposed (TES+BVEN) 0.667 0.700 0.640 0.657 0.625 0.629 0.625 0.627
Proposed (TE+BVE+CW') 0.686 0.707 0.671 0.682 0.629 0.634 0.630 0.627
Proposed (all inclusive) 0.709 0.731 0.709 0.709 0.598 0.616 0.600 0.596
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4Average values of the performance metrics across the 5-fold cross-validation are reported. A paired ¢ test was conducted between the proposed
model and the baseline models for Fj-scores across the 5-fold cross-validation (P<.05, P<.01, P<.001).

PLLM: large language models.

€p<.001.

dPLM: pretrained language models.

°p<.05.

fBERT: bidirectional encoder representations from transformers.
2TE: text encoder.

?‘BVE: binary vector encoder.

'CW: class weight.

When we look at the performance of the baseline models,
more recent versions of LLMs indicate improved perform-
ance in IS; the Fj-scores for ChatGPT (GPT-3.5-turbo),
ChatGPT (GPT-4), and ChatGPT (GPT-40) on the dataset
of Peng et al [11] are 0.395, 0.468, and 0.490, respectively,
while those on the dataset of Sharma and De Choudhury [12]
are 0.237,0.381, and 0.627, respectively. These results imply
that more recent versions of LLMs have greater capability
to determine the intensity of IS. Interestingly, despite the
much larger number of model parameters, the performance of
LLMs is generally worse than that of popular PLMs, BERT
and RoBERTa, in both IS and ES; the Fyi-scores of BERT
and RoBERTa are higher than those of LLMs in all cases
except one, in which GPT-40 shows improved performance
over RoBERTa for IS classification. These results show that
fine-tuning PLMs is generally more suitable than solely using
LLMs.

Tables 2 and 3 also show that the primary components of
the proposed model contribute to model performance. When
we compared the performance of the proposed model across

different versions, the performance improved in the order of
the all-inclusive, without Meta FE, and Text FE cases. The
Fi-scores for IS and ES cases on the dataset of Peng et
al [11] are 0.700 (0.657), 0.716 (0.682), and 0.730 (0.709),
indicating that the feature extractors play a role in identifying
the intensity of social support to some extent.

We next compared the predicted and actual classes to
investigate how close the predicted results are to the actual
classes for both datasets, as visualized in the heatmaps in
Figure 2. Note that we normalized the values along the
horizontal line (ie, the sum of the values in a row is 1), and
darker cells indicate more instances. As shown in Figure 2,
the diagonal cells are the darkest, indicating that the proposed
model can accurately distinguish among strong and weak
informational and emotional social support. In addition, the
cells near the diagonal are darker than the other cells, and the
extremely incorrect cases (ie, lower-left and upper-right cells)
are nearly zero, demonstrating that the incorrect instances are
close to the actual classes.

Figure 2. The heatmaps for the predicted and actual classes are depicted: (A) informational support scores and (B) emotional support scores.

Weak 0.01

Moderate -

Ground-truth

Strong 0.30

Moderate
Prediction

Weak

Strong

(A)

Case Study for Evidence Support

The proposed model in this study leverages explainability
to interpret classification results. To illustrate this, a case
study was conducted comparing the decision results with the
extracted features provided for each decision.

Figure 3 shows 2 case examples where the predicted
intensities of IS and ES are correct. Here, we sample
pairs consisting of a post and a comment whose predicted
intensities of support differ; the intensity classes of IS and
ES in the first case are weak and strong, respectively, and
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Weak

Moderate -

Ground-truth

Strong - 0.25

Moderate
Prediction

Weak

Strong

(B)

vice versa for the second case. In both cases, the phra-
ses or sentences associated with the predefined features,
such as “Informational Answering,” “General Suggestions,”
“Strong Encouragement,” and “Detailed Solutions,” seem to
be reasonably extracted from the supporting comments. For
example, the sentence “Anxiety about problems with your
home is pretty common and understandable.” is captured
by the feature “Showing empathy,” demonstrating that the
LLM-cooperative feature extractor can extract key parts of
the texts to determine the intensity of social support.
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Figure 3. The extracted features for 2 different cases are shown. The informational support and emotional support labels of the 2 cases are weak/
strong (A) and strong/weak (B), respectively.

(A)

(B)

In addition, Figure 3 provides insight into the decisions
made by the proposed model. That is, in the first case,
the only feature related to IS is “General Suggestions,”
whereas in the second case they are “Informational Answer-
ing” and “Detailed Solution.” Moreover, the text of “General

Post
\

| am a bad person. Maybe that's a lie. | don't know for sure. That's the problem. | can listen to that voice or | can listen to the
other one that says that that voice is a liar. But then people come out and tell me that if | did kill myself, I'd be doing the world a
favour because I'm a crazy bitch. Maybe that’s true. Maybe it's not. | don’t know. I'm fighting myself at this point and it’s difficult.
| don't know if | am objectively a bad person or not. | can't figure it out. Hell, even if people were to tell me that | wasn't, | don't
know if I'd even be inclined to believe them. I'm slipping and | don’t want to slip further. I'm afraid of myself, afraid that I'll snap
out of my good judgement and just go for it, play with all the lies and truths inside my head, unable to distiguish which is which,
and I'll just say fuck it, this pain isn't worth it anymaore. I've come close a few times before, but | had friends around to keep me
from going off and doing something stupid. This time is different. | am alone. | will be basically alone for the next month, except
\for sources of anxiety and agression towards me. | just need to stay here and talk to people for a bit so | don’t lose it. /

Comment
You're not a bad person. You can alienate every person you talk to, make them treat you like garbage, and push your loved ones to
the brink of sanity, and then you'll only be someone like me. However, when you return and the dust settles, you'll find out there
are still people standing there. The fact that you're internally conflicted should tell you that you're still a person who wants to find
love, or friendship, or just a sense of belonging. Whichever it is, that alone is not something an inherently wicked person looks for.
Keep listening to that voice in your head that says “You're not a liar. You're in control. You can make good decisions. You are a good
person.” You may not feel like it's the case. You may not even believe it the hundredth time you tell yourself, or the thousandth.

The important part is that you still keep trying to live those words, and as long as you can try, you can be. | still tell myself these
words. | have to say "You're not a villain. You're not a habitual liar. You're trying to do the right thing. You're trying to make amends.”
Some days are easier than others, but in the end it keeps me from going over the edge.

\\Can you tell me about the anxiety and aggression? /
Extracted textual features ™ Extracted sentiment
General You may not feel like it's the case. You may not even believe it the hundredth features
su . time you tell yourself, or the thousandth. The important part is that you still
ggestions i 3
keep trying to live those words, and as long as you can try, you can be.
Encouragement Keep listening to that voice in your head that says “You're not a liar. You're in Post -2 .
control. You can make good decisions. You are a good person
Strong Keep listening to that voice in \rc.u.fr head that says "You're not a Iiar: You're in Comment +1 .
control. You can make good decisions. You are a good person. The important
encouragement a1 s that you still keep trying to live those words, and as long as you can
\_ try, you can be. oy
Post ~

I've just bought myself an apartment and now that I've inspected it | see | missed a few things before | bought it.Nothing
serious or hard to fix but it's caused me 2 weeks of ridiculous anxiety. | haven't moved in yet because | need to fix these

first but | get anxious just going there and wake up feeling afraid. Why am | feeling like this?
\. /

Comment
Hi s**#* #4242+ Anyiety about problems with your home is pretty common and understandable. I've owned a house for 3
years and | still can go into a near panic when | start thinking about all the things that need fixing. Even the little ones. |
get so anxious about it that | avoid it. It's hard to give you good advice, but I'd say try to break these things into smaller,
more manageable chunks. One thing that works for me, sometimes, is rewarding yourself. What makes a good reward
depends on the kind of person you are. Maybe it's some video game time. Maybe it's some delicious Chinese takeout. But
tell yourself - if | can just do X, then I'll reward myself with Y.

That, and breaking it down into steps, might make it easier for you to approach. Best of luck to you (and congratulations

\on the new apartment!) .

Extracted textual features

It's hard to give you good advice, but I'd say try to break these things into smaller, more manageable chunks. One
thing that works for me, sometimes, is rewarding yourself. What makes a good reward depends on the kind of

Informational : : : ; S 2
answering person you are. Maybe it's some video game time. Maybe it's some delicious Chinese takeout. But tell yourself -
if 1 can just do X, then I'll reward myself with Y. That, and breaking it down into steps, might make it easier for
you to approach.
“Tell the friend that you are concerned about him and that you care and -
De“"_'Ed although he probably doesn’t have a way for you to help that you'd like to.” Extracted sentiment
solution “If you can think of anything that used to make him happy, do that” features
“Sunshine helps.”
. Anxiety about problems with your home is pretty commaon and 2
Showing understandable. I've owned a house for 3 years and | still can go into a near Post E
empathy panic when | start thinking about all the things that need fixing. Even the
little ones. | get so anxious about it that | avoid it. o
A ] z . 2 Comment +1
Encouragement That, and breaking it down into steps, might make it easier for you to

approach. Best of luck to you (and congratulations on the new apartment!) w,

Suggestions” in the first case is generic and unlikely to be support was strong.
related to the specific situation of support seekers, and it
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could also be used in other situations. On the other hand, the
“Detailed Solution” in the second example offers guidance
to support seekers on what to do (eg, “Tell the friend that
you are concerned about him...”). Since the solution explicitly
provides IS, the proposed model decided the IS of the given
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Similarly, a comparison of the intensity classes of ES and
the extracted texts for the 2 cases explains the reasons for
the decisions made by the proposed model. That is, while the
support in the first case includes text of “Strong Encourage-
ment” (ie, “The important part is that you still keep trying to
live those words, and as long as you can try, you can be.”),
only weak empathy is represented in the second one. These
results show the explainability of the proposed model—the
explicit intent of support (eg, providing a detailed solution or
showing strong empathy) is successfully captured and used
to detect strong support, whereas only implicit support (eg,
telling personal stories or offering general advice) is observed
in weak support.

Discussion

In this study, we propose an explainable deep learning model
that estimates the intensity of IS and ES. We now discuss the
implications and limitations of this work.

LLM-Cooperative Model to Classify the
Intensity of Social Support

LLMs have shown great success in diverse tasks. However,
we design an LLM-cooperative model that communicates
with an LLM to extract key sentences and phrases instead
of using an LLM as a direct predictor for quantifying the
intensity of social support. The rationale for the design comes
from the characteristics of the decision process for the given
task. That is, to determine the intensity of social support, it
is crucial to concentrate more on the key parts that reflect
the supporter’s intent, such as empathy or advice, since both
the support-seeking post and the supporting comment tend
to be long and descriptive. Therefore, when an LLM is used
directly for this task, the entire process may be conducted
implicitly and be vulnerable to noise that is irrelevant to
the classification. In contrast, the proposed model explic-
itly extracts the parts of the supporting text related to
the supporter’s intent and makes its decision based on the
extracted features. As shown in the “Results” section, our
evaluation demonstrates that the proposed model outperforms
all recent LLMs, which implies that the explicit architecture
of the proposed model leverages its ability to estimate the
intensity of social support.

Evidence Supporting Improved
Explainability

In recent years, deep learning models have been applied to
diverse tasks with remarkable success. Despite the strong
performance, their inherent “black box” nature—an inabil-
ity to explain the reasoning behind their decisions—risks
limiting their general applicability and feasibility. To address
this, we first extract the partial texts that contain supportive
intent from a supporter, which are crucial for determining
the intensity of IS and ES. Based on this, the proposed
model then conducts the classification task using a vector
representation of the presence of the extracted texts. Here, the
extracted texts can be used as human-readable evidence for
the model’s decisions, thereby leveraging the explainability of
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the proposed model. We believe that enhanced explainability
of the proposed model will improve its feasibility.

Limitations

Despite the contributions of the proposed model that can
accurately determine the intensity of IS and ES with
explainable evidence, we clearly acknowledge the limita-
tions of this study. First, the intensity of social support in
this study was measured and labeled from experts’ perspec-
tives, which may not directly reflect the actual effective-
ness experienced by support seekers. Thus, even though the
intensity of social support is important for understanding
what resources are provided to support seekers and how,
future research should investigate the relationship between
support intensity and its direct psychological, behavioral, or
clinical outcomes on support seekers. Second, the proposed
model was evaluated on 2 human-labeled datasets. Thus, we
caution against generalizing the methodology and findings
to other languages or platforms. Lastly, while the model’s
interpretability was illustrated through case studies, a rigorous
quantitative evaluation of the extracted rationales (eg, through
human assessment or expert ratings) is required to fully
validate its explainability. We plan to address these dimen-
sions in future work.

Comparison With Prior Work
Analysis of Online Social Support

With the increasing use of online platforms, online social
support, in which support seekers and supporters interact
within online communities, has become prevalent across
diverse topics, including cancer [15-17], HIV [11], pregnancy
[18], and sexual experiences [19,20], on multiple platforms
such as Reddit (Reddit, Inc) [21] and TalkLife (TalkLife
Ltd) [22]. Such popularity has, in turn, attracted the research
community to investigate online social support for mental
health. Prior studies have mainly focused on support seekers,
particularly the behavioral traits of support seekers [21,22] or
the content characteristics of support-seeking posts [23,24].
For example, Andalibi et al [21] characterized the support-
seeking behaviors of users with a history of sexual abuse on
Reddit, while Kushner and Sharma [22] analyzed temporal
patterns of supporting activities in TalkLife, revealing that
the intensity of online social support activity varies over
time. Undoubtedly, there has been much investigation into
the effects of online social support from psychological or
behavioral perspectives [25-29]. By analyzing the language
of social support in mental health subreddits on Reddit, De
Choudhury and Kiciman [27] demonstrated that online social
support can reduce the risk of individuals’ suicidal ideation,
while Pruksachatkun et al [4] found that social support affects
support seekers by changing individuals’ cognitive status.

In recent years, there has been emerging work that seeks
to understand the behavioral and content characteristics of
supporters and their messages. Leveraging the theoretical
definitions of supportive messages [30-32], there have been
a few attempts to characterize types of online social support
[31,33,34]. One popular classification scheme was suggested
by Goldsmith et al [34], which divides online social support
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into 2 categories: informational and emotional. Based on
the classification scheme, the properties and characteristics
of supportive messages have been investigated. For exam-
ple, Wang et al [35] found that IS responses tended to
exhibit higher lexical alignment by reusing specific terms
and concepts mentioned in the original question, while ES
responses showed stronger syntactic alignment by mirroring
the sentence structures and expressive styles of the ques-
tioner to convey empathy. Coursaris and Liu [5] analyzed
the differences between IS and ES and found that support
provided by women tends to be more emotional and shorter.
By investigating ES in Seva—an addiction recovery app
based on online social support, Yang et al [36] demonstra-
ted that stronger emotional expression can help the recov-
ery from mental illness among support seekers. Peng et al
[11] explored the relationships between IS and ES and the
satisfaction of the support seekers and found that IS is more
strongly associated with higher user satisfaction.

Predicting Online Social Support

The great insights into types of online social support and
their characteristics, provided by prior work, have attracted
the research community to develop machine learning models
to distinguish among types of online social support. For
example, Deetjen and Powell [37] developed a Bayesian
classifier to distinguish between IS and ES based on linguistic
patterns indicated in support posts for diabetes, hypertension,
and fibromyalgia, while Huang et al [38] proposed a Naive
Bayes classifier for the same task but on different types of
diseases, including breast and prostate cancer. Biyani et al
[6] used 62 features, including vocabulary or orthographic
characteristics, LIWC (Linguistic Inquiry and Word Count)-
based emotional vocabulary (Pennebaker Conglomerates,
Inc), and structural or interaction indicators, to classify ES

Park & Choi

and IS. Alrashidi et al [39] slightly reframed the task as a
multilabel classification task, which assigns 5 independent
labels for a given support post: emotional, informational,
tangible, esteem, and network support. Jozani et al [40]
attempted to classify ES and IS with a multimodal deep
learning model using not only text representations of Q&A
pairs but also behavioral signals, such as response latency,
user interaction patterns, and profile information.

Despite the great contributions of these studies, most
studies have focused on understanding support seekers or
predicting the types of social support, with little attention
to estimating the intensity of social support, which is the
target task of this study. In addition, the proposed model
can provide evidence that demonstrates the reasons for the
decisions, which mitigates the lack of explainability inherent
in the black-box architecture of deep learning models.

Conclusions

In this study, we proposed a deep learning model that
classifies the intensity of IS and ES into 3 levels. Through
cooperation with an LLM, the proposed model extracts
key textual cues and sentiment scores, which are used to
determine the intensity of social support. Our evaluation with
2 human-annotated datasets demonstrates superior predictive
performance compared with baseline models. In addition,
we conducted a qualitative case study that illustrates how
human-interpretable evidence extracted by LLMs can be
leveraged to enhance the explainability of the proposed
model. We believe that the proposed work in this study
contributed to a more comprehensive understanding of online
social interactions and suggested a promising direction for
applying explainable Al methods to support timely interven-
tions in the field of mental health and well-being.
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