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Abstract
User-level affective modeling from social media requires integrating heterogeneous signals that unfold over time.
While prior work has focused predominantly on textual analysis, visually expressed affect and temporal posting
patterns also carry important psychological cues. However, these modalities are difficult to combine in practice
due to sparse emotional evidence, asynchronous posting behavior, and frequent semantic misalignment between
images and accompanying text. This paper introduces TiC-MuFormer, a time-enriched caption-integrated multimodal
transformer that addresses these challenges by verbalizing visual content through image captioning before fusion and
injecting temporal structure prior to cross-modal attention, enabling user trajectories to be modeled in a time-aware
semantic space. We instantiate the method on a mental health detection task and demonstrate that it achieves
state-of-the-art results across all user-level metrics, outperforming both unimodal and multimodal baselines. Ablation
studies further show that temporal coverage, batch size and encoder choice jointly influence downstream accuracy,
underscoring the importance of aligned temporal and semantic representations. Overall, this work highlights
caption-guided temporal multimodality as a principled modeling strategy for general affective or psychiatric risk
inference in social platforms.

Keywords: Multimodal Transformers, Mental Health Detection, Social Media Analysis, Image Captioning,
Temporal Modelling

1. Introduction

Mental wellbeing increasingly manifests through on-
line behaviour, as users regularly disclose affective
states, coping strategies, or emotional fluctuations
on social media platforms (De Choudhury et al.,
2013; Coppersmith et al., 2014). Because such
platforms provide large-scale, longitudinal traces
of self-expression, they offer a unique lens into
behavioural and psychological patterns that may
not be observable in traditional clinical settings.
As a result, modelling affective signals from user-
generated content has emerged as a key research
area in computational social science and digital
mental health analytics.

While early work focused predominantly on tex-
tual content, multimodal affect modelling is now rec-
ognized as essential, as many psychologically rel-
evant cues appear visually rather than linguistically
(Reece and Danforth, 2017). For example, colour
palette, composition, or symbolism in posted im-
ages may convey emotional nuance that is absent
from the accompanying text. Beyond multimodality,
temporal structure plays a crucial role since user-
level signals often arise not from isolated posts but
from how linguistic and visual expression evolves
over time (Bucur et al., 2023; Cheng and Chen,
2022).

However, jointly modelling these dimensions

poses challenges. First, affective cues are
sparse and unevenly distributed, with long
stretches of neutral content overshadowing spo-
radic psychologically-relevant posts. Second, post-
ing behaviour is asynchronous, making chronolog-
ical distance between posts itself an informative
variable. Third, text–image pairs are frequently
semantically misaligned, as short conversational
text fragments may under-specify the emotional
content depicted in an image. Conventional multi-
modal transformers fuse the two modalities but do
not repair this semantic gap. Additionally, they do
not explicitly integrate temporal dynamics before
cross-modal interaction.

In this paper, we introduce TiC-MuFormer, a
time-enriched caption-integrated multimodal trans-
former that addresses these limitations through two
synergistic mechanisms: (i) image captioning is
used to verbalize visual cues before fusion, align-
ing the two modalities in a linguistically coherent
space and (ii) temporal embeddings are injected
prior to cross-modal attention, allowing behavioural
regularities to shape semantic alignment. Although
our experiments instantiate the approach on de-
pression detection, the architecture is designed
to be task-agnostic and could in principle support
broader user-level affective or wellbeing inference
tasks. However, the present study evaluates it only
on the Twitter mental health dataset (Shen et al.,
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2017), where TiC-MuFormer achieves state-of-
the-art performance across all metrics, underscor-
ing the importance of both caption-guided multi-
modal alignment and temporal integration. The
main contributions of this work are as follows:

• We introduce TiC-MuFormer, a time-
enriched caption-integrated multimodal
transformer that unifies textual, visual, and
temporal information at the user level, and
whose design is task-agnostic and potentially
applicable beyond depression detection.

• We achieve new state-of-the-art results on the
Twitter mental health detection benchmark, sur-
passing all existing unimodal and multimodal
baselines across standard evaluation metrics.

• We provide a detailed ablation study demon-
strating how temporal coverage, batch size,
and encoder choice systematically contribute
to performance and offer empirical insight into
why the architecture is effective.

2. Related Work

2.1. Text-based Affective State Modelling
Early approaches to modelling affective states in on-
line text primarily relied on feature engineering and
shallow learning architectures. Typical pipelines
combined bag-of-words or n-gram representations
with linear classifiers, while psycholinguistic lexi-
cons such as LIWC were employed to characterize
affective tone and psychological markers of distress
(Pennebaker et al., 2015). Topic-model–based ap-
proaches, most notably LDA, also played a founda-
tional role in uncovering latent affective themes
(Blei et al., 2003). Collectively, these methods
demonstrated that linguistic regularities in social
media discourse correlate with self-reported mental
states and facilitated the first large-scale wellbe-
ing monitoring efforts using user-generated content
(De Choudhury et al., 2013).

With the emergence of deep learning, CNN- and
RNN-based encoders improved sensitivity to sub-
tle affective cues by learning distributed semantic
representations directly from text (Kim, 2014), al-
though their performance remained constrained
by fixed context windows. The introduction of
transformer architectures and contextualized lan-
guage models marked a substantial shift since
pre-trained encoders such as RoBERTa enabled
richer modelling of affective nuance by capturing
long-range dependencies and conversational struc-
ture (Liu et al., 2019). Emotion-aware variants,
such as EmoBERTa, advanced this trajectory fur-
ther by explicitly incorporating affective and con-
versational signals into the embedding space (Kim

and Vossen, 2021). More recently, large language
models (LLMs) have exhibited meaningful zero-
and few-shot capabilities for wellbeing-related infer-
ence from text, such as clinical-style interview set-
tings, reinforcing the view that contextual, emotion-
informed representations are central to affective
modelling (Ohse et al., 2024).

2.2. Multimodal Modelling of Affective
Signals

Text-only approaches overlook affective cues ex-
pressed visually. Prior studies show that image
properties such as colourfulness, saturation, and
facial composition correlate with emotional state
(Reece and Danforth, 2017), motivating multimodal
user-level modelling. The first large-scale bench-
mark incorporating both text and images was in-
troduced by Shen et al. (2017), who integrated
linguistic, behavioural, and visual features using
multimodal dictionary learning. Subsequent work
explored reinforcement-learning–based post selec-
tion to summaries long user timelines (Gui et al.,
2019b), improving robustness by prioritizing psy-
chologically salient signals.

More recent work improves the quality of vi-
sual representations by adopting self-supervised
and contrastive encoders such as CLIP (Radford
et al., 2021), which transfer more effectively to user-
generated content than supervised backbones (Er-
icsson et al., 2021). In parallel, multimodal cap-
tioning methods (Srivatsan et al., 2024; Patel et al.,
2025) enhance semantic alignment across modal-
ities by grounding image content in natural lan-
guage, enabling finer-grained fusion than simple
embedding concatenation. Collectively, these ad-
vances have shifted multimodal affect modelling
toward architectures that integrate vision and lan-
guage through jointly aligned representations rather
than through loosely coupled parallel streams.

2.3. Temporal and Behavioral Dynamics
in User-Level Mental State Inference

Earlier work has explored cooperative multimodal
agents that first select psychologically salient posts
prior to fusion (Gui et al., 2019b) as well as topic-
enriched auxiliary learning frameworks that in-
ject modality-agnostic topic cues to stabilize long-
horizon user inference (An et al., 2020). More re-
cent research demonstrates that user-level mental
state inference on social platforms further benefits
from explicit temporal modeluing and behaviour-
aware multimodal fusion. Time-enriched trans-
formers, such as Time2Vec (Bucur et al., 2023),
encode irregular posting intervals and integrate
text–image signals at the user level, yielding sub-
stantial gains over post-level baselines. Comple-
mentary architectures based on time-aware atten-
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Figure 1: Overview of the TiC-MuFormer architecture.

tion similarly combine text, images, and posting
cadence through time-aware LSTMs augmented
with post-importance attention (Cheng and Chen,
2022), underscoring that temporal structure carries
affective signal beyond the content itself.

On the text side, hybrid CNN–BiLSTM architec-
tures with attention mechanisms capture both lo-
cal lexical patterns and long-range dependencies,
enabling competitive user-level screening in the
absence of visual information (Thekkekara et al.,
2024). On the vision–language side, attention-
based fusion models integrate implicit visual se-
mantics with explicit textual content, improving ro-
bustness in scenarios where user text is sparse or
off-topic (Long et al., 2023).

Beyond content, personality- and sentiment-
aware ensembles introduce interpretable behav-
ioral priors into the fusion process (Pradnyana et al.,
2025a), while context-driven multimodal networks
incorporate learned context vectors to adaptively
reweigh modalities over time (Tahir et al., 2025).
Finally, domain-specific pretraining, as in Mental-
BERT and MentalRoBERTa, equips language en-
coders with sensitivity to mental-health discourse,
yielding consistent improvements in downstream
user-level screening (Ji et al., 2022).

3. Methodology

3.1. Problem Formulation and Model
Overview

We consider the task of user-level emotion recog-
nition from a sequence of multimodal social me-
dia posts. Let a user be represented by an asyn-
chronous timeline:

U =
{(

m
(text)
k , m

(img)
k , tk

)}NU

k=1
(1)

where m
(text)
k denotes the textual component of

the k-th post, m(img)
k the associated image, and tk

the corresponding posting timestamp. The objec-
tive is to predict a user-level binary label yU ∈ {0, 1}
indicating the presence or absence of an emotion
of interest. The model therefore implements a map-
ping fΘ : U → [0, 1] where Θ denotes all trainable
parameters, and optimization is performed using
binary cross-entropy.

A user timeline may contain thousands of posts,
most of which are not predictive for the final user-
level classification. To handle this efficiently, we
operate on fixed-length subsequences defined as:

SU =
{
(m

(text)
k , m

(img)
k , tk) | k ∈ [s, s+K − 1]

}
(2)

where K is the subsequence window size and
s is a sampled start index. Each SU therefore cor-
responds to a temporally local slice of user be-
haviour. During training, a mini-batch is formed
as B = {SU1

, . . . ,SUB
} with one subsequence per

user. A user-level embedding is later derived by ag-
gregating information across the posts in SU after
multimodal fusion and temporal encoding.

Our proposed architecture, TiC-MuFormer
(Time-and-Caption Multimodal Transformer), builds
directly on this formulation by combining caption-
guided enrichment of textual representations,
which preserves visual semantics during fusion and
temporal encoding that captures behavioural regu-
larities and irregularities in posting activity. These
components jointly enable the model to represent
both what the user expresses and how those ex-
pressions evolve over time which is essential for
reliable user-level emotion inference. Figure 1 il-
lustrates this overall workflow, showing how user
timelines are transformed into temporally enriched
multimodal representations prior to user-level clas-
sification.
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3.2. Caption-Augmented Multimodal
Representation Learning

A core challenge is cross-modal asymmetry, as
emotionally relevant cues are often conveyed
through the image while the accompanying text
is short or generic. Without additional mediation,
these signals remain inaccessible to the language
stream. To bridge this gap, we convert each im-
age into a natural-language description using an
instruction-tuned captioning model Gϕ, ensuring
that salient visual content is verbalized and can in-
form downstream reasoning even when the original
text is sparse or semantically detached. For a post
indexed by k, we define:

ck = Gϕ

(
m

(img)
k

)
, (3)

where ck is the generated caption and m
(img)
k

denotes the raw image. The caption is then con-
catenated with the original text to form an enriched
textual input:

m̃
(text)
k = concat

(
m

(text)
k , ck

)
, (4)

ensuring that visual context becomes explicitly
available to the language encoder.

The enriched text is encoded using a pre-trained
language model Etext, and the image is embedded
using a pre-trained vision encoder Eimg:

h
(text)
k = Etext

(
m̃

(text)
k

)
∈ Rdt ,

h
(img)
k = Eimg

(
m

(img)
k

)
∈ Rdv

(5)

The two embeddings are projected into a shared
latent space of dimension d via learned linear map-
pings:

z
(text)
k = Wth

(text)
k , z

(img)
k = Wih

(img)
k (6)

where Wt ∈ Rd×dt and Wi ∈ Rd×dv . When no
image is present for a given post, the corresponding
visual token is masked so that it does not contribute
to attention-based fusion downstream.

3.3. Temporal Encoding and User-Level
Inference

Since user posting behavior is asynchronous, tem-
poral structure is incorporated through a Time2Vec
(Kazemi et al., 2019) embedding. Each timestamp
tk is mapped to a temporal vector pk ∈ Rdτ via:

T2V(tk)[r] =


ωr g(tk) + φr, r = 0

sin
(
ωr g(tk) + φr

)
, 1 ≤ r ≤ dτ

g(tk) =
1

tk + ϵ
(7)

where ωr and φr are learnable parameters, dτ
is the temporal embedding dimension, and ϵ > 0
prevents division by zero.

This temporal signal is injected into both modality
streams to produce time-aware embeddings:

z̃
(text)
k = z

(text)
k +pk, z̃

(img)
k = z

(img)
k +pk (8)

A cross-modal transformer Fcross then fuses the
representations:

zk = Fcross

(
z̃
(text)
k , z̃

(img)
k

)
(9)

The sequence {zk} is subsequently processed
by a temporal transformer with multi-head self-
attention, and a user-level embedding is obtained
via mean pooling. Finally, a logistic classifier pro-
duces the user-level prediction.

4. Experimental Results

4.1. Experimental Setting
Dataset. Experiments are conducted on the widely
used multimodal Twitter depression dataset intro-
duced by Shen et al. (2017). The dataset consists
of 1402 users labelled as self-reporting a diagno-
sis of depression and 1402 control users, with all
posts collected over a one-month period surround-
ing a clinically indicative anchor tweet. Following
prior work, we adopt the evaluation protocol of Bu-
cur et al. (2023), applying five-fold cross-validation
with identical train/test splits to ensure comparabil-
ity across methods.

Model Configuration. The proposed architec-
ture employs Llama 3.2-Vision (Grattafiori et al.,
2024) for caption generation, RoBERTa (Liu et al.,
2019) as the language encoder, CLIP (Radford
et al., 2021) for visual embeddings, and an
LXMERT-style cross-modal transformer (Tan and
Bansal, 2019) for early fusion. Sequential posts
are processed using subsequence sampling with a
window size of K = 512 and a batch size of 128. All
models are trained using the Adam optimizer with
a base learning rate of 10−5, adjusted via a cycli-
cal scheduler that varies between 10−5 and 10−4

over 10 epochs. The fusion module comprises four
cross-encoder layers with eight attention heads and
embedding dimension d = 128, while the tempo-
ral transformer consists of two layers with identical
configuration. During inference, 10 subsequences
are sampled per user, and the final prediction is
obtained through majority voting.

Baselines. We compare against two groups of
baselines models. The text-only group includes
T-LSTM (Baytas et al., 2017), EmoBERTa (Kim
and Vossen, 2021), LSTM+RL (Gui et al., 2019a),
and CNN+RL (Gui et al., 2019a). The multi-
modal group includes MTAL (An et al., 2020) ,
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Table 1: Comparison of unimodal (text) and multimodal (text + image) models on the Twitter Depression
Dataset (Gui et al., 2019b) (T: Text, I: Images, C: Captions).

Model Modality F1 Precision Recall Accuracy
T-LSTM (Baytas et al., 2017) T 0.848 0.896 0.804 0.855
EmoBERTa Transformer T 0.864 0.843 0.887 0.861
LSTM + RL (Gui et al., 2019a) T 0.871 0.872 0.870 0.870
CNN + RL (Gui et al., 2019a) T 0.871 0.871 0.871 0.871
TiC-MuFormer (Ours) T+C 0.880 0.864 0.896 0.878
MTAL (An et al., 2020) T+I 0.842 0.842 0.842 0.842
GRU + VGG-Net + COMMA (Gui et al., 2019b) T+I 0.900 0.900 0.901 0.900
MTAN (Cheng and Chen, 2022) T+I 0.908 0.885 0.931 –
Vanilla Transformer (Bucur et al., 2023) T+I 0.886 0.868 0.905 0.883
Set Transformer (Bucur et al., 2023) T+I 0.902 0.878 0.928 0.924
Time2Vec Transformer (Bucur et al., 2023) T+I 0.931 0.931 0.931 0.931
MTEN (Zafar et al., 2024) T+I 0.945 0.945 0.945 0.945
Chat-Diagnose (Qin et al., 2025) T+I 0.946 0.979 0.915 0.948
DeXMAG (Pradnyana et al., 2025b) T+I 0.952 0.961 0.957 0.959
ContextVecNet (Tahir et al., 2025) T+I 0.962 0.977 0.948 0.963
TiC-MuFormer (Ours) T+I+C 0.971 0.969 0.972 0.971

GRU+VGGNet+COMMA (Gui et al., 2019b), MTAN
(Cheng and Chen, 2022), Vanilla/Set/Time2Vec
Transformers (Bucur et al., 2023), MTEN (Zafar
et al., 2024), Chat-Diagnose (Qin et al., 2025), DeX-
MAG (Pradnyana et al., 2025a), and ContextVec-
Net (Tahir et al., 2025), covering both established
and recent approaches in multimodal user-level
inference for depression detection.

Recent multimodal large language models, such
as LLaMA-Vision, can in principle be fine-tuned for
multimodal reasoning tasks. However, our objec-
tive differs from general multimodal generation or
question answering: the task requires modelling
long user timelines with potentially thousands of
posts while capturing irregular temporal dynamics.
Direct fine-tuning of large multimodal LLMs on such
long behavioural sequences is computationally de-
manding and does not naturally incorporate explicit
representations of posting intervals or temporal tra-
jectories. TiC-MuFormer instead separates rep-
resentation learning into caption-guided semantic
alignment and explicit temporal encoding through
Time2Vec, enabling efficient modelling of long asyn-
chronous user timelines. In this sense, the pro-
posed approach should be viewed as a timeline-
oriented multimodal modelling framework rather
than a replacement for general multimodal LLMs.

Evaluation Metrics. Performance is reported
using Accuracy, Precision, Recall, and F1 score,
consistent with prior work on this benchmark.

4.2. Main Results
Table 1 presents the performance of TiC-
MuFormer alongside unimodal and multimodal
baselines. In the unimodal (text-only) setting, TiC-

MuFormer achieves an F1 score of 0.880, Recall of
0.896, and Accuracy of 0.878, all of which surpass
those of competing text-only models. Although T-
LSTM attains slightly higher Precision (0.896 vs.
0.864), it does so at the cost of Recall (0.804),
leading to a lower overall F1 score (0.848). This
demonstrates that our caption-enriched text repre-
sentation establishes a more balanced and robust
decision boundary, enhancing the model’s ability to
identify positive cases which was the key weakness
of earlier unimodal approaches.

In the full multimodal setting, TiC-MuFormer at-
tains an F1 score of 0.971, outperforming the next
best model (ContextVecNet, 0.962) by 0.9 percent-
age points. Recall likewise increases from 0.948
(ContextVecNet) to 0.972, and Accuracy from 0.963
to 0.971. Across all metrics except Precision, our
method is the top-performing model. While TiC-
MuFormer (0.969) trails Chat-Diagnose (0.979)
and ContextVecNet (0.972) by a narrow margin
in Precision, it still exceeds all other prior models
and achieves the highest Recall overall. It is worth
noting that, for early-screening tasks, where miss-
ing positive cases is especially costly, this recall
advantage is more critical than marginal gains in
precision.

From the obtained results, the performance gains
appear to be associated with the interaction of
caption-guided semantic enrichment and tempo-
rally informed fusion. Captioning likely helps bridge
cross-modal asymmetry by converting implicit vi-
sual cues into explicit linguistic structure, while
Time2Vec enables the model to exploit temporal
regularities and behavioural patterns that token-
level text encoders overlook. Together, these com-
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Table 2: Ablation summary in the multimodal setting. Each row varies one component while holding the
others fixed. We report the F1 score obtained in each setting.

Component Varied Setting F1 Best Config
Window size K 32 0.887 RoBERTa, B=128

64 0.922 RoBERTa, B=128
128 0.936 RoBERTa, B=128
256 0.960 RoBERTa, B=128
512 0.971 RoBERTa, B=128

Batch size B 128 0.971 RoBERTa, K=512
256 0.964 RoBERTa, K=512

Text encoder RoBERTa 0.971 K=512, B=128
EmoBERTa 0.956 K=512, B=128

Figure 2: Effect of temporal window size K on F1
performance for different text encoders and batch
sizes.

ponents yield consistent and statistically meaning-
ful improvements, establishing TiC-MuFormer as
the new state of the art on this benchmark.

4.3. Ablation Studies
We conduct a controlled ablation to quantify the ef-
fect of (i) the temporal window size K, (ii) the batch
size B, and (iii) the underlying text encoder. All ex-
periments are carried out in the multimodal setting
using CLIP for image embeddings and Time2Vec
for temporal encoding.

Effect of Temporal Window Size. Table 2 and
Figure 2 show that performance improves consis-
tently as K increases. The F1 score rises from
0.887 at K=32, to 0.922 at K=64, 0.936 at K=128,
0.960 at K=256, and peaks at 0.971 for K=512
(using RoBERTa with B=128). This corresponds
to an 8.4% gain relative to the smallest window
size, indicating that long-range temporal context
substantially enhances user-level modeling.

Effect of Batch Size. The influence of batch size
is summarized in Table 2 and visualized in Figure 3.
The best configuration uses B=128 (F1=0.971),
while increasing the batch size to 256 leads to a
small but systematic decrease (0.964 for RoBERTa

Figure 3: Comparison of batch sizes at the op-
timal window length K = 512 for RoBERTa and
EmoBERTa encoders.

and 0.927 for EmoBERTa). The line plot in Fig-
ure 2 further confirms this trend since the solid
traces (B=128) dominate the dashed ones (B=256)
across all window sizes suggesting that smaller
batches preserve higher temporal sensitivity, while
larger batches oversmooth gradients and reduce
responsiveness to posting dynamics.

Effect of Text Encoder. Finally, we evaluate
the impact of the textual encoder. As reported in
Table 2, RoBERTa achieves the strongest overall
performance (F1=0.971 at K=512, B=128), sur-
passing EmoBERTa (0.955) under the same hy-
perparameters. Since caption-guided enrichment
already surfaces emotional signals linguistically,
the model benefits more from RoBERTa’s general-
purpose semantic expressiveness than from addi-
tional emotion-specialized pretraining.

Figure 2 also shows that RoBERTa consistently
outperforms EmoBERTa across all values of K.
This is likely because captioning already embeds
affective cues into the textual stream, reducing the
marginal benefit of emotion-specific pretraining and
favoring RoBERTa’s broader semantic coverage.
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5. Conclusion

This paper introduced TiC-MuFormer, a time-
enriched caption-integrated multimodal transformer
for user-level affective modelling from social media.
The architecture aligns visual and textual content
via captioning and incorporates temporal structure
prior to fusion, enabling the model to jointly encode
what users express and how these signals evolve
over time. Although our experiments instantiate the
framework on mental health detection, the method
is designed to be task-agnostic and could poten-
tially generalize to other forms of behavioural or
psychiatric risk profiling. However, broader valida-
tion across datasets remains future work.

Empirical evaluation on the Twitter Dataset
demonstrates that TiC-MuFormer achieves state-
of-the-art performance, outperforming prior uni-
modal and multimodal baselines across user-level
metrics. The ablation study further shows that both
semantic realignment through captioning and tem-
poral enrichment via Time2Vec are key contribu-
tors to this improvement. The broader implication
of this work is that multimodal temporal fusion is
a principled modelling strategy for digital mental
health analytics extending beyond mental health
to related affective and wellbeing signals such as
anxiety, loneliness, relapse risk, or emotional insta-
bility.

6. Ethics Statement and Limitations

The model is trained on a dataset whose user pop-
ulation is demographically narrow, with a strong
over-representation of young US-based users. As
a result, the learned decision boundaries may not
transfer uniformly to other demographic or cul-
tural groups, reflecting well-documented risks of
exclusion and representational bias in social me-
dia–sourced datasets Hovy et al. (2016). Fur-
thermore, the supervision signal relies on self-
reported labels rather than clinically verified diag-
noses meaning that the timing and persistence
of the referenced mental health condition are un-
known. Prior work has shown that linguistic and
behavioural markers can shift following treatment
or recovery (Harrigian and Dredze, 2022), which
limits causal interpretation of model outputs. Fu-
ture work should therefore evaluate the proposed
architecture across additional datasets, platforms,
and mental health conditions to better assess its
robustness and generalisability.

Another limitation concerns the captioning stage
used to verbalise image content. While caption-
ing helps bridge the semantic gap between visual
and textual modalities, the generated descriptions
may reflect biases or priors from the underlying
captioning model and may occasionally introduce

hallucinated or emotionally loaded language. As a
result, part of the observed performance gains may
stem from information injected by the captioning
model rather than solely from improved multimodal
alignment. A deeper analysis of caption quality,
bias propagation, and hallucination effects remains
an important direction for future work.

It is also important to emphasise that this system
is not designed to provide a clinical assessment.
The predictions capture possible behavioural indi-
cators, not diagnostic outcomes, and any medical
interpretation must remain the responsibility of qual-
ified health professionals. Consequently, deploy-
ment in real-world settings should be accompanied
by caution regarding fairness, interpretability, and
appropriate downstream use.
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