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Introduction
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The Berlin definition of ARDS provides standardized diagnostic criteria based on acute onset within one week of a
known insult, bilateral chest imaging opacities not explained by other causes, respiratory failure not due to cardiac
issues or fluid overload, and impaired oxygenation measured by the PaO₂/FiO₂ ratio, enabling consistent identification
in intensive care; however, its clinical use is limited by variability in imaging interpretation and the need for rapid
decision-making, often causing delays and inconsistent diagnoses. Current practice relies heavily on subjective
assessment of chest X-rays and limited integration of clinical notes and laboratory trends, resulting in moderate inter-
observer agreement and reduced diagnostic reliability. To overcome these challenges, a multimodal transformer
framework is proposed that integrates chest X-rays, clinical notes, and laboratory data using vision transformers,
BERT-based text encoders, and temporally aware lab embeddings, with cross-modal attention enabling interaction
across data types and a fusion module producing final ARDS probability estimates. This integrated approach improves
diagnostic accuracy by combining complementary information, enhances interpretability through attention
mechanisms, and offers a more objective and timely method for ARDS detection, with potential to support earlier
intervention and better outcomes in critically ill patients.

1

2

The Berlin definition serves as the cornerstone for
diagnosing acute respiratory distress syndrome, specifying
four key criteria: timing of onset, bilateral chest imaging
opacities, non-cardiogenic origin of pulmonary edema, and
hypoxemia quantified by the PaO2/FiO2 ratio [1]. In
intensive care units worldwide, ARDS manifests in a
substantial proportion of mechanically ventilated patients,
contributing to high mortality rates estimated between 35%
and 45% across severity levels [2]. Accurate and timely
identification remains pivotal for guiding supportive

therapies such as lung-protective ventilation and prone
positioning. The standardized criteria have improved
research consistency but highlight the ongoing need for
enhanced diagnostic support tools in dynamic clinical
environments [3].

Diagnostic challenges in ARDS stem primarily from inter-
observer variability in interpreting chest radiographs for
bilateral opacities consistent with the Berlin criteria [1].
Clinicians must exclude alternative explanations such as
atelectasis or pleural effusions, which requires substantial
expertise and can delay confirmation of the diagnosis [3].
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This subjectivity is compounded by the heterogeneous
presentation of ARDS in critically ill patients with multiple
comorbidities. Consequently, there is a pressing demand
for systems that augment human judgment with data-driven
insights to improve reliability [2].

Unimodal artificial intelligence approaches exhibit inherent
limitations when applied to ARDS detection. Chest X-ray
classification models, while effective for opacity detection,
overlook critical contextual information embedded in clinical
narratives and physiological trends [4]. Similarly, natural
language processing of clinical notes alone cannot verify
imaging findings essential to the Berlin definition [5].
Laboratory value analysis, focused on oxygenation indices,
lacks the visual and textual corroboration needed for
comprehensive assessment [6]. These gaps underscore
the necessity for integrated multimodal strategies [7].

Table 1 provides a structured analytical comparison
highlighting the conceptual limitations of unimodal
approaches relative to the proposed multimodal
transformer framework.

Table 1. Analytical Comparison of Unimodal versus
Multimodal Paradigms for ARDS Detection
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This conceptual framework proposes a multimodal
transformer architecture that integrates chest X-ray images,
clinical notes, and laboratory values to enable robust ARDS
detection [8]. By employing cross-modal attention
mechanisms, the model learns to fuse information across
modalities in a principled manner [9]. The architecture
offers a roadmap for advancing AI applications in critical
care, beginning with background on ARDS and data
modalities, followed by detailed framework design, input
processing, and transformer components [10]. Ultimately,
this design aims to support clinicians in achieving more
objective and timely diagnoses [2].

ARDS definition and diagnostic criteria
The Berlin definition of ARDS, jointly developed by
international experts, delineates precise criteria to classify
the syndrome into mild, moderate, and severe categories
based on the PaO2/FiO2 ratio under positive end-
expiratory pressure conditions [1]. It mandates that the
onset occurs within one week of a known clinical insult, with
chest imaging showing bilateral opacities not fully explained
by other causes such as effusions or collapse [3].
Additionally, the respiratory failure must not be attributable
to cardiac failure or fluid overload, often assessed via
objective measures or clinical judgment [2]. These
elements collectively provide a structured approach to
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diagnosis that has been widely adopted in both research
and practice.

Despite its standardization benefits, the Berlin criteria face
practical limitations in application, particularly when clinical
data are incomplete or ambiguous in fast-paced ICU
settings [1]. Machine learning approaches have begun
exploring enhancements to these criteria through
computational phenotyping, yet they often remain reliant on
single data streams [2]. Integration of multiple modalities
could refine the application of the definition by providing
corroborative evidence automatically [3]. This evolution
toward data-driven refinement holds promise for reducing
diagnostic uncertainty [2].

Chest X-Ray for ARDS detection
Chest X-rays play a central role in the Berlin definition by
confirming the presence of bilateral opacities indicative of
non-cardiogenic pulmonary edema [1]. Differential
diagnosis on imaging includes conditions such as
pneumonia, atelectasis, or pulmonary hemorrhage, which
complicates accurate classification [11]. Inter-rater reliability
for these assessments has historically been moderate,
necessitating advanced computational aids [1]. Deep
learning techniques for chest X-ray interpretation have
demonstrated potential in automating opacity detection but
require contextual supplementation [4].

While deep learning models excel at feature extraction from
chest radiographs for classification tasks, they typically
operate in isolation from other clinical data sources [12].
This unimodal focus limits their utility in fully satisfying the
multifaceted Berlin criteria for ARDS [13]. Incorporating
additional modalities could enhance the specificity and
sensitivity of imaging-based predictions [14]. Conceptual
advancements in this area emphasize the value of hybrid
architectures for comprehensive analysis [11].

Clinical notes and NLP in critical care
Clinical notes in intensive care units contain rich narrative
information on patient progress, including ventilator
settings, physical examination findings such as auscultation
results, and evolving symptoms relevant to ARDS
development [5]. Natural language processing techniques
enable the extraction of structured insights from these
unstructured texts, supporting decision-making in critical
care [15]. Variants of BERT tailored for clinical domains,
such as ClinicalBERT, have proven effective in processing

domain-specific language [5]. These tools facilitate the
identification of subtle indicators that complement imaging
data [16].

BioBERT and related models further enhance performance
by incorporating biomedical knowledge during pretraining,
making them suitable for intensive care documentation
analysis [17]. Section segmentation within notes allows
targeted processing of relevant portions like assessment
and plan sections [18]. However, standalone NLP
approaches lack the visual confirmation provided by
imaging, highlighting the need for multimodal integration
[15]. This processing step forms a foundational component
for synthesizing textual evidence in ARDS frameworks [5].

Laboratory values in ARDS
Laboratory values are integral to the Berlin definition,
particularly the PaO2/FiO2 ratio which stratifies ARDS
severity and guides oxygenation support [3]. Inflammatory
markers such as C-reactive protein or lactate levels provide
additional context on systemic involvement and potential
etiologies [2]. Serial measurements enable trend analysis
that can signal progression or response to therapy in real
time [10]. Proper embedding of these temporal sequences
is essential for predictive modeling in critical care [6].

Handling laboratory data requires attention to missing
values and normalization across different measurement
timestamps [19]. Multimodal frameworks can incorporate
these numerical features alongside imaging and text to
create a holistic patient profile [7]. Trend features derived
from sequential labs enhance the detection of acute
changes consistent with ARDS onset [3]. Such integration
promises to strengthen the overall diagnostic process
beyond isolated metrics [2].

High-level architecture
The proposed framework adopts a high-level architecture
consisting of three distinct input modalities processed
through dedicated encoders before converging in a cross-
modal transformer [8]. Chest X-ray images, clinical notes,
and laboratory values feed into their respective modality-
specific components, enabling specialized feature
extraction [7]. The outputs are then aligned via transformer
layers that facilitate information exchange across domains
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[10]. A final fusion stage aggregates these representations
for downstream classification [19].

Figure 1 illustrates the hierarchical multimodal transformer
architecture integrating chest X-ray imaging, clinical notes,
and laboratory values through modality-specific encoders
and cross-modal attention for ARDS detection.

Figure 1. Hierarchical Multimodal Transformer Architecture
for ARDS Detection Integrating Imaging, Textual, and

Laboratory Modalities

This sequential design from modality encoders to joint
transformer ensures that modality-unique characteristics
are preserved initially while allowing for rich interactions
later [20]. The architecture supports end-to-end learning
without manual feature engineering, aligning with modern
AI paradigms in healthcare [21]. By structuring the flow in
this manner, the framework achieves scalability for diverse
ICU data streams [7]. Conceptual benefits include improved
robustness to variations in data quality across modalities
[19].

Core assumptions
The framework assumes the availability of paired
multimodal data, including contemporaneous chest X-rays,
clinical notes, and laboratory results from the same patient
encounters in ICU settings [15]. Sufficient labeled data for
ARDS outcomes, derived from established criteria, is also
presumed to enable supervised training [2]. These
assumptions reflect typical electronic health record
ecosystems in modern hospitals [3]. Data quality and
completeness are expected to meet thresholds suitable for
deep learning applications [7].

Labeled datasets from large-scale ICU repositories provide
the foundation for model development under these
assumptions [20]. Strategies for data augmentation can
further enhance generalizability without violating the paired

data premise [22]. The framework does not require
perfectly aligned timestamps but accommodates
reasonable temporal proximity [10]. This flexibility supports
practical deployment in real clinical workflows [19].

Design principles
Core design principles emphasize modality-agnostic
processing to accommodate varying data types without
custom pipelines for each [19]. Attention-driven
mechanisms are prioritized to capture dependencies both
within and across modalities effectively [9]. The architecture
promotes explainability by design, allowing inspection of
contribution from each input source [23]. These principles
ensure the framework remains adaptable to future
extensions or additional modalities [24].

Explainability is further supported through attention weight
visualization, aiding clinician trust and validation [25]. The
design avoids over-reliance on any single modality by
enforcing balanced cross-modal learning [26]. Overall,
these principles align with best practices in artificial
intelligence for healthcare systems [8]. They facilitate the
creation of a robust and interpretable tool for ARDS
detection [7].

Chest X-Ray processing
Chest X-ray processing in the framework utilizes a vision
transformer backbone or CNN-based feature extractor to
handle image inputs effectively [4]. Input images are
divided into patches with positional encodings added to
retain spatial information [27]. This patching strategy allows
the model to learn local and global patterns associated with
ARDS-related opacities [11]. Preprocessing steps such as
normalization and resizing ensure compatibility with the
encoder architecture [12].

The vision transformer approach captures long-range
dependencies within the image that are crucial for
identifying diffuse bilateral changes [21]. Positional
encoding enhances the model's understanding of
anatomical structures across the radiograph [8].
Conceptual integration of these techniques supports
accurate feature representation for subsequent cross-
modal fusion [14]. This processing pipeline prepares high-
quality embeddings tailored to the imaging modality [13].
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Clinical note processing
Clinical note processing begins with tokenization using
clinical-specific vocabularies followed by embedding via
models such as ClinicalBERT [5]. Notes are segmented
into sections like history, examination, and assessment to
focus on ARDS-relevant content including ventilator
parameters and auscultation findings [15]. This structured
approach improves the quality of textual representations
[17]. Pretrained embeddings capture semantic nuances
inherent to critical care documentation [16].

Advanced variants like BioBERT incorporate domain
knowledge to better handle medical terminology in notes
[17]. The processing accounts for temporal aspects by
ordering notes chronologically when multiple entries exist
[18]. Resulting embeddings encode contextual information
that complements imaging and lab data [5]. Such detailed
input handling is vital for the multimodal transformer’s
effectiveness [15].

Laboratory value processing
Laboratory value processing involves embedding numerical
measurements with associated timestamps to capture
temporal dynamics [10]. Each lab result is transformed into
a vector representation, incorporating trend features such
as deltas or rates of change for markers like PaO2/FiO2 [6].
Missing values are handled through imputation or masking
techniques integrated into the encoder [19]. This method
preserves the sequential nature of laboratory monitoring in
ARDS cases [3].

Time-stamped embeddings allow the model to weigh recent
versus historical values appropriately in the context of
acute respiratory changes [7]. Normalization and scaling
ensure consistency across different laboratory panels [2].
The processing pipeline generates modality-specific
features ready for cross-modal interaction [22]. Conceptual
design here emphasizes robustness to incomplete
laboratory profiles common in ICU data [19].

Modality-specific encoders
Modality-specific encoders form the initial stage of the
transformer architecture, with separate pathways for
imaging, text, and laboratory data to extract specialized
features [8]. The chest X-ray encoder employs vision

transformer layers, while the clinical note encoder
leverages transformer-based language models [5].
Laboratory encoders utilize feed-forward networks tailored
for sequential numerical inputs [10]. This separation
preserves the unique structural properties of each modality
prior to fusion [7].

Independent encoding prevents early dilution of modality-
specific signals that are critical for ARDS-related patterns
[20]. Each encoder can be initialized with pretrained
weights from domain-relevant tasks to accelerate
convergence conceptually [4]. The outputs are projected
into a common embedding space for compatibility in later
stages [21]. Such architecture design enhances the overall
capacity for multimodal representation learning [19].

Cross-modal transformer layers
Cross-modal transformer layers implement self-attention
mechanisms that operate across the combined token
sequences from all modalities [9]. Learnable cross-attention
modules allow queries from one modality to attend to keys
and values from others, facilitating information flow [24].
This enables the model to dynamically align, for instance,
specific image regions with corresponding phrases in
clinical notes [23]. The layers stack to build increasingly
abstract joint representations [25].

Table 2 conceptualizes the functional roles of cross-modal
attention mechanisms and their correspondence to
clinically meaningful interactions in ARDS diagnosis.

Table 2. Cross-Modal Attention Functions and Clinical
Correspondence in ARDS Detection
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Source

Key/Value
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Multi-head attention in these layers captures diverse types
of cross-modal relationships relevant to ARDS diagnosis
[26]. Residual connections and layer normalization maintain
training stability across the deep architecture [8]. The
design draws from established transformer principles
adapted for healthcare multimodal data [10]. Conceptual
application here supports nuanced integration beyond
simple concatenation [9].

Positional encoding across modalities
Positional encoding is adapted differently for each modality
to reflect their inherent structures within the transformer
[27]. For laboratory values, temporal positional encodings
indicate the sequence of measurements over time [10].
Image patches receive spatial positional encodings based
on their location in the chest X-ray [8]. Textual tokens utilize
standard sequential positional embeddings from the
language model [5].

To align modalities, additional learnable embeddings may
indicate modality type or relative timing across inputs [25].

This cross-modal positional strategy ensures the
transformer understands correspondences, such as a lab
trend coinciding with a note entry [19]. The encoding
scheme supports effective attention computation in the joint
space [23]. Overall, it enables coherent processing of
heterogeneous data streams [9].

Classification head
The classification head aggregates representations using a
CLS token or mean pooling from the final transformer layer
outputs [8]. Dense layers with appropriate activation
functions process the fused embedding to produce logits
for ARDS classification [2]. The head outputs probabilities
corresponding to ARDS presence or severity categories
conceptually [10]. Dropout and regularization techniques
are incorporated to prevent overfitting in this component [7].

This design allows the model to generate a single
probability score for ARDS detection based on the
integrated multimodal evidence [3]. The head can be
extended for multi-task learning if auxiliary predictions are
desired in future conceptual expansions [19]. Softmax or
sigmoid activation ensures interpretable outputs aligned
with clinical decision needs [2]. Integration with the
transformer backbone completes the end-to-end
architecture for practical use [15].

Attention mechanism design
The attention mechanism in the framework employs a
cross-modal design where queries derived from one
modality attend to keys and values from the others,
enabling dynamic alignment of features across chest X-ray
patches, clinical note tokens, and laboratory embeddings
[9]. This query-key-value structure allows the model to
weigh the relevance of specific image regions to textual
descriptions of respiratory status or laboratory trends
indicative of hypoxemia [24]. Multi-head attention further
captures diverse relational patterns, such as linking
bilateral opacities to mentions of ventilator adjustments in
notes [23]. The mechanism operates within stacked
transformer layers to progressively refine joint
representations suitable for ARDS detection [25].

Scalability is maintained through efficient attention
computations that avoid quadratic complexity bottlenecks in
multimodal sequences [26]. Learnable parameters in the
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cross-attention modules adapt to the unique characteristics
of healthcare data, ensuring robust information exchange
[8]. This design draws from established cross-modal
techniques to foster synergistic learning without modality
dominance [9]. The overall architecture supports flexible
attention flows that mirror clinical reasoning processes in
critical care [24].

Interpretability via attention
Interpretability arises naturally from the attention weights,
which highlight correspondences between image regions
showing opacities and specific phrases in clinical notes
describing auscultation findings or laboratory shifts in
oxygenation [24]. Clinicians can visualize these weights to
understand how the model links a particular PaO2/FiO2
trend to radiographic evidence, thereby building trust in the
ARDS classification [25]. Such attention maps provide post-
hoc explanations aligned with the Berlin criteria
components [23]. The framework conceptualizes attention
as a transparent layer that augments rather than replaces
human oversight [26].

By examining cross-modal attention patterns, potential
biases in individual modalities become evident, allowing for
targeted refinements in the conceptual design [9]. This
interpretability feature distinguishes the transformer from
black-box unimodal systems commonly used in imaging or
NLP tasks [28]. The approach facilitates collaborative
validation between AI outputs and expert judgment in ICU
workflows [29]. Ultimately, attention-driven explanations
enhance the framework's utility for educational and clinical
decision-support purposes [24].

Early vs late vs intermediate fusion
Early fusion concatenates raw or low-level features from all
modalities at the input stage, which risks overwhelming the
model with unaligned heterogeneous data and increases
sensitivity to missing inputs [7]. Late fusion processes each
modality independently before combining high-level
decisions, yet this strategy often misses subtle cross-modal
interactions essential for satisfying the multifaceted Berlin
definition [20]. Intermediate fusion, positioned between
these extremes, balances preservation of modality-specific
information with joint learning and is therefore favored in
complex healthcare applications [19]. Trade-offs in
computational efficiency and representational power guide

the selection, with intermediate methods showing
conceptual superiority for integrating imaging, text, and
numerical streams [28].

The preference for intermediate fusion stems from its ability
to leverage transformer layers for adaptive combination
without premature loss of granular details [22]. In ARDS
contexts, this avoids the pitfalls of early noise accumulation
or late decision silos observed in other multimodal medical
tasks [29]. Conceptual evaluations of these strategies
underscore the need for fusion tailored to the
complementary nature of chest X-rays, notes, and labs [7].
The framework adopts an intermediate path to optimize
information synthesis [19].

Table 3 presents a theoretical comparison of multimodal
fusion strategies, emphasizing the conceptual advantages
of intermediate and attention-based approaches for ARDS
detection.

Table 3. Theoretical Trade-Offs Across Multimodal Fusion
Strategies in Critical Care AI Systems
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Strategy

Stage of
Integration

Strengths Limita
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Handles
modality
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Proposed fusion approach
The proposed fusion approach concatenates tokenized
representations from the modality-specific encoders into a
unified sequence before applying joint self-attention within
the cross-modal transformer layers [8]. This token-level
integration allows the model to perform self-attention
across the entire multimodal input, capturing higher-order
dependencies such as the alignment of laboratory trends
with radiographic opacities and narrative descriptions [10].
Residual connections ensure that original modality signals
remain accessible throughout the fusion process [19]. The
design culminates in a compact fused embedding that
encodes the holistic patient state for ARDS assessment [9].

By relying on joint self-attention rather than explicit gating
mechanisms, the approach maintains end-to-end
differentiability and conceptual simplicity [25]. This strategy
aligns with the framework's attention-driven principles,
promoting seamless exchange of complementary
information [23]. The resulting fusion supports robust
classification even when modalities exhibit partial
misalignment in timing or quality [7]. Overall, the method
advances multimodal learning by treating disparate data
streams as a cohesive clinical narrative [8].

Data requirements
Training the multimodal transformer necessitates large-
scale paired datasets comprising contemporaneous chest
X-rays, clinical notes, and laboratory values from ICU
encounters to mirror real-world ARDS scenarios [15]. Data
augmentation techniques, such as image transformations
for radiographs and synonym replacement for notes, can
expand effective dataset size while preserving clinical
fidelity [2]. The framework assumes access to labeled
outcomes based on Berlin criteria to enable supervised
learning across modalities [7]. Similar multimodal
phenotypic studies in other complex syndromes illustrate
the value of diverse, high-quality paired data for robust
generalization [29].

Curated repositories with temporal alignment between
inputs are essential to support the cross-modal attention
mechanisms [19]. Strategies for balancing class
distributions reflecting ARDS prevalence further enhance
training stability [3]. The conceptual design accounts for
variability in data collection practices across institutions to
promote broader applicability [20]. These requirements
form the foundation for developing a reliable ARDS
detection tool [2].

Loss functions
The primary loss function employs binary cross-entropy to
optimize the model's output probability for ARDS presence
or severity aligned with the Berlin definition [2]. Auxiliary
losses for modality alignment, such as contrastive terms
that encourage correspondence between image and text
embeddings, reinforce cross-modal coherence during
training [19]. These additional objectives prevent any single
modality from dominating the fused representation [7].
Weighted combinations of the losses allow emphasis on
clinical priorities like sensitivity to hypoxemia indicators
[10].

The framework conceptualizes these loss components as
mutually reinforcing to achieve both accurate classification
and interpretable feature interactions [9]. Regularization
terms, including those for attention sparsity, can further
improve generalization without introducing performance
metrics [25]. Such a multi-objective setup supports the
integration of complementary data sources in a balanced
manner [8]. Overall, the loss design ensures the model
learns clinically meaningful patterns across modalities [3].

Handling missing modalities
Handling missing modalities during training incorporates
masking techniques that temporarily exclude absent inputs
while maintaining the joint transformer structure [19].
Dropout applied at the modality level simulates real-world
incompleteness, enabling the model to rely on available
data streams without retraining [7]. Inference procedures
similarly accommodate partial inputs by adjusting attention
computations dynamically [20]. This robustness is critical in
ICU environments where laboratory panels or imaging may
not always be immediately available [3].

The conceptual approach avoids imputation biases by
learning directly from masked representations, preserving
the integrity of cross-modal attention [19]. Auxiliary
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Conclusion

reconstruction objectives can encourage the model to infer
missing modality contributions from the others [10]. Such
strategies enhance the framework's practical deployability
in heterogeneous clinical settings [2]. By design, the
architecture gracefully degrades performance only when
essential information is absent rather than failing outright
[7].

Metrics for multimodal models
Evaluation of the multimodal transformer relies on standard
classification metrics including area under the receiver
operating characteristic curve to assess discrimination for
ARDS detection [2]. Sensitivity and specificity provide
insights into the model's ability to identify true positive
cases while minimizing false alarms, particularly important
for the Berlin criteria's oxygenation and imaging
components [7]. Conceptual comparisons against unimodal
baselines highlight the added value of integrating chest X-
rays, notes, and laboratories [20]. These metrics
emphasize clinical utility through balanced performance
across ARDS severity levels [3].

Additional focus on calibration ensures that predicted
probabilities align with observed diagnostic outcomes in
critical care [19]. The framework advocates for holistic
assessment that accounts for explainability alongside
accuracy [24]. Such metrics collectively validate the
synergistic benefits of the proposed architecture [8]. This
evaluation lens supports iterative conceptual refinement of
the multimodal design [2].

Validation protocols
Validation protocols incorporate k-fold cross-validation on
diverse ICU cohorts to confirm internal consistency of the
multimodal representations [3]. External validation on
independent datasets from varied institutions tests
generalizability beyond the training distribution [2]. Ablation
studies systematically remove individual modalities to
quantify their unique contributions to ARDS detection [8].
These protocols ensure the framework's robustness across
different electronic health record systems [20].

Temporal validation splits further simulate prospective
deployment by respecting the chronological order of patient
data [19]. The conceptual strategy includes sensitivity
analyses for varying levels of data completeness to mirror

clinical realities [15]. Such comprehensive validation
strengthens confidence in the transformer's applicability for
objective ARDS assessment [3]. Overall, the protocols align
with best practices for trustworthy artificial intelligence in
healthcare [2].

The multimodal transformer architecture integrates chest X-
ray images, clinical notes, and laboratory values through
modality-specific encoders, cross-modal attention layers,
and intermediate fusion to enable comprehensive ARDS
detection aligned with the Berlin definition. This conceptual
framework synthesizes complementary data streams into a
unified representation that addresses the limitations of
traditional diagnostic approaches. By leveraging
transformer principles, the design captures intricate
relationships across imaging, textual, and numerical
modalities. The proposed structure offers a scalable
blueprint for advancing artificial intelligence applications in
critical care diagnostics.

Key advantages include the seamless integration of
complementary clinical information and the inherent
explainability provided by attention mechanisms. Cross-
modal interactions reduce diagnostic subjectivity while
preserving the interpretability needed for clinician
acceptance. The framework's attention-driven fusion
surpasses unimodal methods by learning holistic patient
representations. These strengths position the architecture
as a promising conceptual advance for objective syndrome
detection in intensive care.

Limitations encompass the requirement for large paired
multimodal datasets, substantial computational resources
for transformer training, and the ongoing challenge of
acquiring high-quality labeled examples based on Berlin
criteria. Data availability in diverse ICU settings may
constrain immediate scalability, and handling extreme
missingness patterns requires further conceptual
exploration. Computational costs associated with cross-
modal attention could limit deployment in resource-
constrained environments without optimization. Despite
these considerations, the framework remains adaptable
through targeted refinements in future developments.

Implementation of this conceptual framework on public ICU
datasets such as MIMIC-CXR and eICU is encouraged to
validate its potential and accelerate translation into clinical
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