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Abstract: The increasing integration of Artificial Intelligence (Al) into Clinical Decision Support Systems (CDSS)
is constrained by the limited transparency of model predictions, which undermines clinician trust and slows adoption
in safety-critical settings. To address this barrier, we propose a unified multimodal evaluation framework for
eXplainable Al (XAI) and empirically assess the behavior of the explanations in four clinically relevant modalities:
chest radiography for pathology detection, Electroencephalography (EEG)-based epilepsy decision support using
High-Frequency Oscillation (HFO) evidence, multimodal emotion recognition for psychological decision support and
prediction of Alzheimer’s disease based on Electronic Health Records (EHR). The framework evaluates widely used
explanation mechanisms, including Gradient-weighted Class Activation Mapping (Grad-CAM), Integrated Gradients
(IG), SHapley Additive exPlanations (SHAP)-style feature attribution, and attention-based interpretation, using
modality-appropriate criteria that emphasize reliability, robustness, and clinical plausibility rather than visualization
quality alone. The results show that Grad-CAM provides stable region-level localization in chest X-ray prediction. In
contrast, EEG-based epilepsy decision support requires interpretability grounded in domain-specific biomarkers and
time-frequency structure rather than generic saliency. In multimodal emotion recognition, fusion improves performance,
but the contribution of each modality varies by emotional state, highlighting the need for interpretable fusion analyses.
For Alzheimer’s prediction, a tuned CatBoost model achieves strong discrimination, and feature-level analyses identify
clinically significant drivers, including Mini-Mental State Examination (MMSE)-related measures. Cross-modal
synthesis demonstrates that explanation effectiveness is inherently task- and modality-dependent and that explanation
instability and susceptibility to spurious cues remain recurring risks across settings, consistent with concerns about
the faithfulness of saliency explanations. In general, the proposed framework supports the practical implementation
of XAl in healthcare by providing modality-aligned guidance for selecting and validating explanations within clinical
workflows.

Keywords: explainable artificial intelligence, clinical decision support system, multimodal learning, medical imaging,
Electroencephalography (EEG), electronic health records, robustness

1. Introduction

Artificial Intelligence (Al)-enabled Clinical Decision Support Systems (CDSS) have demonstrated potential
to improve diagnostic precision, risk stratification, and personalized treatment planning in multiple specialties [1,
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2]. However, many state-of-the-art models remain opaque, creating a barrier to adoption in clinical practice where
accountability, transparency, and patient safety are central requirements [3]. This challenge is especially acute in high-
stakes settings: clinicians can reject a correct prediction without a credible rationale. In contrast, an incorrect prediction
accompanied by a persuasive but misleading explanation can introduce new risks to patient care [3, 4]. Consequently,
interpretability is increasingly viewed not as an optional feature but as an enabling condition for trustworthy Al
deployment in healthcare.

EXplainable AI (XAI) has emerged as a family of approaches aimed at increasing transparency by providing
human-interpretable descriptions of model behavior, such as saliency maps, feature attributions, counterfactuals, or
attention-based relevance scores [5]. However, the reliability and clinical usefulness of XAI remain inconsistent and
modality dependent. Techniques that appear effective in one domain can degrade when applied to different types of
data or clinical tasks [2, 5]. For example, gradient-based localization methods (e.g., Gradient-weighted Class Activation
Mapping (Grad-CAM)) can produce intuitive region-level explanations for imaging models [6]. However, analogous
saliency-based explanations may be insufficient for Electroencephalography (EEG) signals, which are temporally
and spectrally structured, often linked to High-Frequency Oscillation (HFO)-related biomarkers and timing effects
[7]. Similarly, for the tabular prediction-style Electronic Health Record (EHR), the explanations must align with
interpretable clinical variables and remain robust to imbalances and correlated predictors, which can distort apparent
importance [5, §].

Despite rapid methodological progress, much of the evidence base for XAl in healthcare is fragmented. Existing
studies often evaluate explanations within a single modality or clinical domain, limiting their generalizability to real-
world CDSS ecosystems that increasingly integrate imaging, biosignals, EHRs, and multimodal behavioral data
[2, 9, 10]. Furthermore, evaluation protocols commonly emphasize technical fidelity while underweighting clinical
plausibility and workflow relevance, even though clinician trust depends heavily on whether explanations align with
domain reasoning and remain stable under clinically irrelevant perturbations [2, 5, 11].

This study introduces a unified multimodal evaluation framework. It empirically assesses XAI across four
representative CDSS settings: (i) chest X-ray pathology detection (spatial evidence), (ii) EEG/HFO-guided epilepsy
decision support (temporal and time-frequency evidence) [7], (iii) multimodal emotion recognition for psychological
support (fusion and contribution stability) [2, 12], and (iv) EHR-based Alzheimer’s disease prediction (variable-level
evidence). The framework evaluates explanations along the modality-aligned axes, faithfulness/reliability, robustness/
stability, and clinical plausibility/workflow fit, consistent with responsible CDSS guidance [2] and medically oriented
XAI design principles [11].

The main contributions are threefold: (i) a consolidated cross-modal evaluation of explanation mechanisms
spanning spatial imaging, temporal biosignals, multimodal behavioral inference, and structured EHR prediction [2,
5]; (ii) identification of recurring failure modes, including instability, spurious cue sensitivity, and modality mismatch,
that emerge across domains despite differing data types and model families [4]; and (iii) actionable, modality-specific
guidance for selecting and validating explanations in clinical workflows, positioning explainability as a validated system
property rather than a visualization artifact [3].

The remainder of this paper is structured as follows. Section 2 reviews related work on XAl in healthcare and
highlights limitations of current evaluation practices. Section 3 describes the proposed framework, datasets, models, and
explanation methods. Section 4 reports results and cross-modal trends. Section 5 discusses implications, limitations, and
deployment guidance. Section 6 concludes with recommendations for future research and practical implementation.

2. Review of the literature

XAI has become a central research topic in Al in healthcare, reflecting the growing recognition that interpretability
is critical to accountability, safety, and clinical adoption [3, 5]. Contemporary surveys organize XAl methods into
intrinsic vs. post-hoc explanations, local vs. global explanations, and modality alignment (images, signals, text, tabular
data) [5]. Across clinical domains, two patterns recur: explanation mechanisms are often selected based on model class
rather than clinical need, and explanation evaluation is less standardized than performance evaluation, limiting clinical
conclusions [3, 5].
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In radiology and related imaging applications, gradient-based explanation methods, such as Grad-CAM and
Integrated Gradients (IG), are widely used to interpret deep convolutional models [6, 13]. Heatmaps are intuitive and
align with clinicians’ expectations for spatial localization. However, saliency maps can highlight regions unrelated
to pathology, react to spurious artifacts, and exhibit limited faithfulness under perturbations, issues that become
especially problematic in multi-label and complex cases [4, 14]. These concerns motivate evaluating beyond qualitative
plausibility, including robustness and faithfulness tests [4].

The interpretability of EEG differs fundamentally from that of imaging, because clinically meaningful evidence is
often temporal and spectral rather than spatial. In epilepsy decision support, HFOs and timing effects are increasingly
recognized as relevant for identifying epileptogenic tissue, and explanations must align with these domain markers to
be clinically meaningful [7]. The broader neuropsychiatric EEG literature similarly emphasizes biomarker grounding
and interpretability-aware methodology, rather than relying exclusively on generic attribution [15]. Therefore, clinically
oriented XAI design has advocated the integration of domain constraints and medically meaningful representations to
enhance interpretive validity [11].

Multimodal Al introduces additional complexity because explanations must address not only why a prediction
was made, but also how evidence from heterogeneous modalities was fused. Reviews of multimodal medical diagnosis
highlight both the promise and complexity of combining modalities, including the need for consistent interpretability
across heterogeneous data streams [2]. In mental health applications that integrate EEG and other modalities,
systematic evidence indicates the importance of modality-aware interpretation and the limitations of purely technical
attention scores when they do not align with clinical constructs [11, 12]. Multimodal CDSS efforts that integrate
predictive modeling, imaging biomarkers, and EHR-linked decision support further underscore the need for transparent
explanations that align with clinical workflows and data integration realities [10].

EHR-based prediction has historically benefited from interpretable baselines, but contemporary CDSS increasingly
rely on ensembles and other high-capacity learners that require post hoc explanations [1, 3, 5]. SHAP-style feature
attribution is widely adopted for tabular clinical data because it supports both local and global interpretation and works
well with tree-based models; surveys on clinical risk prediction discuss its adoption and limitations [5]. However, neuro-
symbolic approaches and other paradigms emphasize that interpretability must align with clinical reasoning and avoid
confounding proxies, sampling artifacts, and handling of imbalances [8]. As a result, stability checks across folds and
sampling strategies are often considered essential to avoid overconfident interpretations [3, 5].

Cloud computing and data science platforms increasingly underpin clinical Al pipelines by enabling scalable
storage, high-throughput preprocessing, and distributed model training for large, heterogeneous datasets. From an XAI
perspective, scalability becomes a first-order constraint: explanation methods that are feasible on small benchmarks may
be impractical for large-scale clinical data or real-time CDSS deployments, particularly when explanations are needed
for many patients, across multiple modalities, or with frequent model updates. Recent work on scalable, distributed
Al frameworks describes cloud-native orchestration patterns that reduce end-to-end latency and cost for deep learning
workloads, which becomes relevant when explanation computation is integrated into CDSS inference pipelines [16].

Parallel and distributed explainability has therefore emerged as an active area of research. For example, Shapley-
style attribution has been implemented on distributed data science systems to increase throughput for large models
and feature spaces. In privacy-preserving and multi-party settings, explanation consistency is itself a challenge;
distributed KernelSHAP-style approaches have been proposed to produce explanations that remain comparable across
collaborators. In healthcare, where multi-center data sharing is constrained, federated learning is increasingly used, and
recent studies and surveys highlight the need for explainability mechanisms compatible with federated workflows (e.g.,
explanation aggregation, stability monitoring, and privacy-aware interpretation) [17-20].

Three gaps recur in the literature. First, the evidence is predominantly single-modal, providing limited support for
method selection in multi-source clinical environments where imaging, biosignals, and EHR routinely coexist [2, 9, 10].
Second, evaluation protocols often emphasize technical fidelity while giving insufficient weight to clinical plausibility
and workflow constraints, even though these are central to clinician trust [3, 11]. Third, recurring failure modes;
instability, spurious cues, and limited faithfulness, are widely discussed, but are less often documented systematically in
diverse tasks within a single framework [4].

Existing literature surveys and reviews organize methods and report modality-specific findings [3, 9], while
clinically oriented frameworks emphasize medically grounded design [11]. However, few studies consolidate evidence
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side by side across spatial (imaging), temporal (EEG), fusion (multimodal behavior), and variable-based (EHR) settings,
using a consistent set of explanation-quality axes directly relevant to the adoption of CDSS [3, 10]. This paper addresses
that gap by evaluating explanation behavior across modalities under a unified rubric (faithfulness, robustness, clinical
plausibility) [3, 4], identifying recurring cross-domain failure modes, and deriving actionable deployment guidance.

3. Materials and methods

The presented study consolidates four independent healthcare-oriented intelligent system projects into a unified
explainable clinical decision support framework, as shown in Figure 1: (i) acquisition and preprocessing of data per
modality, (ii) development and training of models, (iii) generation of explainability (attribution/attention/importance
of features/clinical rule outputs), and (iv) evaluation of modality-specific and cross-modal explanations. Rather than
treating each system as an isolated technical contribution, this study adopts a modality-spanning perspective in which
predictive modeling and explainability are evaluated under a common methodological lens. Four clinical modalities
are linked to such clinical systems, which include: (i) classification of multi-label chest radiology (Chest X-ray), (ii)
epilepsy localization support using High-Frequency Oscillation (HFO) analysis from EEG signals, (iii) multimodal
emotion recognition to support mental-health assessment, and (iv) prediction of Alzheimer’s disease from structured
EHRs. The central objective is not merely to demonstrate high predictive performance, but to evaluate how explanation
techniques behave across fundamentally different clinical data modalities and whether those explanations are sufficiently
robust, faithful, and clinically plausible to support real-world deployment.
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Figure 1. Unified multimodal XAI evaluation workflow framework

3.1 Classification and explanation of chest radiograph pathology

The CheXpert chest radiograph benchmark [21], released by Stanford University, comprises 224,316 frontal-view
chest X-ray images from 65,240 patients, annotated for 14 common radiologic findings, including uncertainty labels.
The Chest X-ray pathology pipeline is shown in Figure 2. Uncertainty labels were handled using the U-ones strategy
(treating uncertainty as positive), consistent with the original dataset’s recommendations. The study followed the
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original benchmark split, using approximately 223 k images for training, 200 images for validation, and 500 images for
testing. All images were resized to 320 x 320 pixels, normalized, and augmented during training with random flips and
rotations to improve generalization.

For pathology classification, the DenseNet-121 architecture was utilized, a 121-layer convolutional architecture
widely used for medical image recognition due to dense connectivity and strong gradient propagation. The output
layer was configured for 14 independent pathology scores with sigmoid activations, reflecting the multi-label nature of
CheXpert. The model was trained using binary cross-entropy across the 14 labels (summed over outputs), optimized
with Adam (initial learning rate 1 x 10™; g, = 0.9, £, = 0.999), for 5 epochs with batch size 64, saving checkpoints
periodically (every 4,800 iterations).

To generate post-hoc visual explanations for DenseNet-121 predictions, four gradient-based attribution techniques
were applied: (i) Vanilla Gradients (saliency maps), (ii) Grad-CAM [6], (iii) Integrated Gradients (IG) [13], and (iv)
region-based (XRAI-style) explanations. Vanilla Gradients were computed as input-output derivatives, offering pixel-
level sensitivity but often producing noisy, unstable maps in deep Convolutional Neural Networks (CNNs). Grad-CAM
was used to localize influential regions via gradients with respect to the last convolutional feature maps, producing
coarser but more clinically interpretable heatmaps (for simplicity, an enhanced localization variant is described as
Grad-CAM). IG was computed by integrating gradients along a baseline-to-input path (with the baseline set to all
zeros), using 50 interpolation points to reduce noise and saturation, yielding smoother attributions. XRAI was used to
produce region-based attributions on segmented superpixel regions, with the aim of improving clinical coherence by
emphasizing anatomically meaningful regions. Figure 3 presents a qualitative comparison of the explanation heatmaps
for a CheXpert test image that was predicted positive for cardiomegaly (and pleural effusion).

The quality of the explanation was assessed using a structured qualitative protocol applied to representative test
cases, comparing how each method highlighted the clinically significant anatomy of the target findings. For example, in
cases predicted to have cardiomegaly and pleural effusion, saliency maps were generated for each method and visually
analyzed for coherence, plausibility of localization, and noise/fragmentation characteristics. The evaluation explicitly
contrasted pixel-noisy behaviors (often observed in Vanilla Gradients) with region-level interpretability and anatomical
plausibility (often clearer in Grad-CAM/IG/XRAI), and documented failure modes such as clinically unrelated
anatomical structures being merged into a single region under XRAI segmentation.
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Figure 2. Chest X-ray pipeline for pathology detection and explainability
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Vanilla gradients Grad-CAM Integrated gradients XRAI

Figure 3. Chest X-ray pipeline for pathology detection and explainability, with a CheXpert test image predicted as positive for cardiomegaly (and
pleural effusion). Saliency maps for cardiomegaly output are generated using Vanilla gradients, Grad-CAM, Integrated gradients, and XRAI and
overlaid on the original radiograph. The panel illustrates method-specific differences in noise, spatial coherence, and anatomical plausibility

3.2 EEG-based epilepsy decision support

Intracranial EEG (iEEQG) recordings [22] were preprocessed to isolate HFOs, with a focus on clinically relevant
ripple-band activity. Line noise was attenuated using notch filtering, preserving the spectral profile of broadband 1/f
while removing mains-frequency peaks, followed by band-pass filtering to retain 80-500 Hz activity (conventional HFO
range). Signals were then re-referenced using a bipolar montage by subtracting adjacent contacts along each electrode,
reducing common-mode artifacts and improving the spatial focus of detected HFO activity.

To construct supervised learning examples, 0.2 s windows centered on expert-marked events were extracted as
positive HFO segments. In contrast, matched-duration background windows were sampled from non-annotated periods
on the same channels/runs as non-HFO examples. Time-frequency representations were inspected using Morlet wavelet
transforms to verify that positive windows exhibited concentrated power increases around 100-300 Hz at event onset,
whereas non-HFO windows lacked comparable bursts; averaged maps further highlighted consistent ripple-band
differences.

Two deep learning models were used for window-wise detection: a 1D CNN (HFONet1D) and a 1D Transformer
(HFOTransformer1D). Training, validation, and test splits were constructed at the window level with large-scale
sampling; the reported split sizes were N, = 932,165, N,,, = 485,744, and N, = 446,940 windows, with approximately
balanced class proportions (~ 50% each), enabled through the sampling strategy.

Interpretability was studied using gradient-based saliency profiles (for HFONet1D) and self-attention visualization
(for HFOTransformer1D). For CNN, mean saliency was computed separately for correctly classified HFO and non-
HFO windows, revealing a dominant peak near the center of the 0.2 s window (time 0) with a falloff toward the edges,
consistent with decisions driven by local oscillatory morphology around the event. For the Transformer, attention
maps from an early encoder layer exhibited a strong diagonal pattern (emphasizing local temporal neighborhoods) and
concentrated weights near the middle of the window, aligning with short HFO durations. Figures 4-6 illustrate spectral
preprocessing and representative time-frequency signatures that support biomarker-based interpretation.
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Figure 4. Power Spectral Density (PSD) of raw intracranial EEG before and after notch filtering. Notch filtering attenuates mains-frequency peaks
and harmonics while preserving the broadband 1/f'structure before band-pass filtering for HFO analysis
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Figure 5. Morlet wavelet time-frequency maps for (a) an HFO-positive window and (b) a non-HFO window. HFO windows show a time-locked burst
of power typically within ~ 100-300 Hz around the onset of the event, whereas non-HFO windows lack a comparable high-frequency burst
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Figure 6. Mean Time-Frequency (T-F) maps averaged across many segments highlight a consistent increase in ripple-band power that is time-locked
to HFO windows, while non-HFO windows remain comparatively flat

3.3 Multimodal emotion recognition for psychological decision support

A trimodal setup was constructed using the CREMA-D dataset [23], with synchronized video, audio, and pose
representations stored per sample as NumPy tensors, as shown in Figure 7. Each sample consisted of (i) video features
of shape 90 x 1,408, (ii) audio features of shape 50 x 1,024, (iii) pose features of shape 90 x 156, plus a label file. The
pose sequences were repaired for missing frames using a deterministic imputation strategy: missing initial frames were
filled forward, trailing missing frames were filled back, short gaps (< 8 frames) were linearly interpolated, and longer
gaps were filled by carrying the most recent valid pose, yielding stable sequences of fixed length 90 % 156.

For normalization, the mean and standard deviation for each feature were estimated from the training set only (up
to 1,000 samples, per modality), and the same statistics were applied to the validation/test sets to prevent data leakage.
Each modality sequence was constrained to a fixed target length via center cropping (if longer) or zero-padding (if
shorter). Robust evaluation used five independent random splits, with 70% training, 15% validation, and 15% test per
split; models were trained independently across splits, with each split serving as a cross-validation fold.

The core model was a trimodal neural network built around E-Branchformer encoders. Modality-specific encoders
projected each input to a shared hidden size of 2,048, processed it through E-Branchformer layers (8 attention heads),
and mapped the output to a latent dimension of 50 per timestep, preserving the original sequence lengths (90 for video
and pose; 150 for audio). The temporal mean pooling converted each modality sequence into a 50-dimensional vector,
and the concatenation produced a fused vector of 150 dimensions.
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A shared fusion encoder then modeled cross-modal interactions by reshaping the fused vector into a sequence of
length-1 (batch x 1 x 150), projected to 2,048, applying two layers of the E-Branchformer, and projecting to a shared
representation of 512 dimensions for downstream heads. The classification head mapped 512 — 1,536 — 512 — 6
logits, using Sigmoid Linear Unit (SiLU) activations and dropout (p = 0.25).

Two complementary interpretability mechanisms were integrated into the model design. First, attention-based
interpretability is naturally supported by the E-Branchformer’s multi-head self-attention blocks in each modality encoder
and in the shared fusion encoder, enabling analysis of temporal salience and cross-modal interactions via attention
patterns (e.g., which frames/segments dominate the fused representation). Second, an auxiliary reconstruction head
encouraged the shared representation to preserve information from all modalities: the shared 512-dimensional vector
was projected to a normalized 50-dimensional reconstruction vector, trained against a target built by mean-pooling the
raw modality inputs and projecting them to a normalized 50-dimensional target. This design supports explanation by
probing which components of each modality are retained in the shared representation and by analyzing reconstruction
alignment across modalities.
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Figure 7. Systeme of fusion architecture for multimodal emotion recognition and contribution analysis

3.4 EHR-based Alzheimer’s disease prediction

A publicly available Kaggle Alzheimer’s Disease Dataset [24] was used, which contains 2,149 patient records with
a binary diagnosis label (Class 0: not diagnosed; Class 1: diagnosed). Exploratory analysis indicated moderate class
imbalance (~ 65% Class 0 vs. ~ 35% Class 1), motivating imbalance-aware resampling and evaluation.

Data cleaning and feature preparation were performed using pandas, while categorical attributes (e.g., Smoking,
Gender) were encoded as numeric features using scikit-learn utilities to enable downstream machine learning. Outliers
were removed using an Interquartile Range (IQR)-based procedure applied to 11 continuous numerical variables to
reduce the influence of anomalous values on training. To address class imbalance without leakage, Synthetic Minority
Oversampling Technique (SMOTE) oversampling was incorporated into the modeling pipeline, so that oversampling
occurred only in the training portion of each cross-validation fold.

Model selection compared eight algorithms spanning classical and modern ensemble learners, including Gradient
Boosting, eXtreme Gradient Boosting (XGBoost), and CatBoost, and evaluated them using 10-fold stratified cross-
validation to assess generalization in the presence of class imbalance. The macro F1-score was used as the primary
selection metric because it is robust to skewed class distributions. CatBoost was selected as the best-performing model,
then tuned using GridSearchCV and evaluated on a holdout test set.
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Interpretability was operationalized by analyzing the importance of features of the final CatBoost model to support
clinical plausibility checks. The most influential predictors were clinically significant cognitive/functional measures:
Functional Assessment, Activity of Daily Living (ADL), Memory Complaints, Mini-Mental State Examination (MMSE),
and Behavioral Problems, supporting the hypothesis that predictions were driven by substantive clinical factors rather
than spurious correlations. Correlation analysis (Pearson) complemented this by summarizing linear relationships
between features and diagnosis, while acknowledging that many predictors may contribute via non-linear interactions
better captured by ensemble models. Figure 8 outlines the pipeline.
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Figure 8. EHR-based Alzheimer prediction workflow: removal of outliers using IQR on continuous variables, handling of imbalances using SMOTE
within a leakage-safe Machine Learning (ML) pipeline, and selection of models through 10-fold stratified cross-validation using Macro-F1; the final
interpretability of the model is summarized using CatBoost’s importance of features

3.5 Cross-modal explainability evaluation strategy

To make the four decision-support tasks comparable under a single evaluation framework, a cross-modal strategy
is proposed that separates (i) predictive validity from (ii) explanation validity and then harmonizes explanation scoring
through modality-appropriate proxies. Table 1 summarizes tasks, model families, and explanation mechanisms.

Across all modalities, model performance should be reported using task-appropriate discrimination metrics (e.g.,
Receiver Operating Characteristic-Area Under Curve (ROC-AUC) and F1 for binary tasks; Macro-F1 for imbalanced
settings; subject-wise reporting for EEG to capture inter-patient variability). The EEG pipeline already supports this
explicitly through window-wise and per-subject metrics, as well as ROC-AUC reporting. For Alzheimer prediction,
Macro-F1 under stratified Cross-Validation (CV) and holdout tests is central due to class imbalance and asymmetric
clinical costs.

Table 1. Unified overview of tasks, model families, and explanation mechanisms

Modality Clinical task Model family Explanation mechanisms

Chest X-ray Pathology detection DenseNet-121 Grad-CAM,; IG; region-based; gradients

Time-frequency evidence +

EEG Epilepsy decision support (HFO evidence) Biomarker-Based Modeling temporal attribution
Multimodal Emotion recognition for psychological support Fusion network Aﬁentlog&;ﬁgfﬁ{gﬂ;ﬁ%gbunon *
EHR Alzheimer prediction CatBoost SHAP-style attribution +

stability considerations

For explainability, the framework should align each modality with a pair of faithfulness and coherence criteria.

* Faithfulness (model-based): whether the highlighted evidence is causally/operationally important to the model’s
output. For X-ray and EEG, gradient-based sensitivity/attribution methods naturally support such assessments (e.g.,
saliency profiles, attention maps), and the methodology already includes a structured qualitative comparison and
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documentation of known instability modes (e.g., noisy gradients; region-merging artifacts).

* Clinical coherence (human-based): whether explanations align with domain expectations (anatomically plausible
localization in X-ray; temporally localized HFO morphology in EEG; clinically meaningful cognitive/functional drivers
in EHR; and cross-modal consistency signals in emotion recognition through attention patterns and reconstruction
alignment).

The implementation overview of the explainability methods used in this study is presented below; detailed
information is provided in the Appendix.

Grad-CAM for Chest X-Ray (CXR): Grad-CAM explanations were generated with respect to the target pathology
logit (pre-sigmoid) for each label. The target layer was selected as the last convolutional block of DenseNet-121 (i.e.,
the final feature map before global pooling), consistent with the Grad-CAM requirement for spatially meaningful
convolutional activations. The heat maps were upsampled to the input resolution using bilinear interpolation and
normalized to [0, 1] per image for visualization and quantitative scoring.

Integrated Gradients (CXR): IG used an all-zero baseline image and 50 interpolation steps between baseline and
input, which matches the configuration already described in the manuscript. Attributions were aggregated into absolute
per-pixel values and normalized to a unit-sum map to ensure comparability across samples.

Region-based explanations (XRAI-style, CXR): The images were partitioned into superpixel regions using
Simple Linear Iterative Clustering (SLIC) (~ 300 regions per image). The region salience was calculated by aggregating
the IG attribution values within each region. The regions were ranked by aggregate attribution and progressively added
until a target coverage threshold, producing a region-level mask intended to improve anatomical coherence.

Attention-based interpretation (EEG and multimodal fusion): Attention weights were taken after softmax
normalization within each attention head. For reporting, attention maps were averaged across heads and/or layers, as
specified in the Appendix. For comparability across samples, attention matrices were normalized to unit row sums and
summarized using temporal concentration metrics.

SHAP-style explanations (EHR/CatBoost): For tree-based CatBoost, SHAP values were computed using TreeSHAP
(TreeExplainer) rather than KernelSHAP, because it is exact/efficient for trees and avoids kernel configuration.
Background samples were drawn from the training set (see Appendix for details). Practical guidance on SHAP reporting
and background selection follows established recommendations.

3.6 Evaluation of the quantitative cross-modal explainability

To enable systematic comparison across modalities, the quality of explanations was quantitatively assessed
along three dimensions: faithfulness, robustness, and clinical plausibility. Faithfulness and robustness were evaluated
employing modality-appropriate quantitative proxies; plausibility was assessed using a structured approach.

3.6.1 Faithfulness (based on the model)

Imaging (CXR): insertion/deletion AUC were computed by progressively inserting (or deleting) pixels in
descending order of attribution magnitude and tracking the target logit/probability response; larger insertion AUC and
smaller deletion AUC indicate more faithful explanations.

EEG: time-mask deletion was calculated by masking the top-attributed time indices (or time-frequency regions)
and measuring the drop in the HFO detection score; similarly, insertion was calculated by revealing only the top-
attributed region.

EHR: the faithfulness to feature deletion was calculated by removing features ranked top-k SHAP (k € {1, 3, 5,
10}) and measuring the expected drop in predicted probability and/or Area Under the Receiver Operating Characteristic
(AUROC) on the validation fold.

Multimodal emotion recognition: deletion of modality (ablation) served as a faithfulness proxy by masking one
modality at a time and measuring the drop in macro-F1/accuracy, consistent with interpretable fusion analysis.

3.6.2 Robustness (stability under perturbations)

For each modality, explanations were recomputed under clinically non-informative perturbations and compared
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using similarity metrics:

Imaging: small rotations/flips within augmentation ranges; additive noise; mild brightness/contrast.

EEG: small time-jitter; variation of notch parameter within plausible ranges; additive noise at controlled Signal-to-
Noise Ratio (SNR).

EHR: bootstrap resampling within folds; alternative SMOTE random seeds; slight feature noise within measurement
tolerance.

3.6.3 Clinical plausibility (human-based)

Plausibility was assessed using structured heuristics (e.g., anatomical alignment for CXR; alignment to time-
frequency HFO bursts for EEG; clinically meaningful functional/cognitive predictors for EHR; consistency of modality
contributions for emotion recognition). The absence of blinded clinician evaluation and inter-rater reliability (e.g.,
Cohen’s Kappa) is reported as a limitation and is positioned as future work.

3.7 Consistency of the cross-modal sampling and split rationale

Each modality followed the standard benchmark protocol for its source dataset, resulting in different sample
sizes that reflect domain constraints and dataset curation. For CheXpert, the validation partitions (» = 200) and the test
partitions (n = 500) follow the widely used benchmark configuration provided with the data set and were retained to
preserve comparability with the existing literature. For EEG, subject-level variability motivates reporting both aggregate
and per-subject performance, and window sampling was used to balance classes and stabilize training. For CREMA-D
emotion recognition, five independent random splits (70/15/15) were used to estimate variability under multimodal
fusion. For predicting Alzheimer’s disease in the EHR, 10-fold stratified cross-validation was used due to moderate
class imbalance and the need for stable estimation under resampling (SMOTE within folds).

4. Results

Multimodal evaluation provides critical information on the predictive performance and clinical applicability of
XAI in various healthcare tasks. The results are presented by modality and complemented by cross-domain synthesis.
Table 2 provides a unified summary of the tasks, metrics, and principal findings.

Table 2. Summary of multimodal evaluation

Modality Clinical task Metric Result Key findings

Chest X-ray Pathology detection AUC (best label) 0.84 Region-based explanations showed the highest
anatomical plausibility for pulmonary abnormalities

Temporal characteristics aligned with clinical

EEG Epilepsy decision support (HFO) Sensitivity 0.87 HFO markers
Multimodal Emotion recognition Accuracy 89.3% No singlfe dominant modality across emotional
states; an interpretable fusion is required
EHR Alzheimer prediction AUC 0.94 MMSE-related measures contributed substantially;

clinically plausible attribution of characteristics

4.1 Predictive performance across models

The credible predictive performance of each subsystem was verified before interpreting the explanations, presented
in Table 2. In the medical imaging system, a DenseNet-121 model trained on CheXpert demonstrated consistent
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discriminative ability across representative thoracic findings, with AUROC values of 0.78 (atelectasis), 0.88 (cardiomegaly),
0.82 (consolidation), 0.85 (edema), and 0.90 (pleural effusion), as shown in Figure 9. These values indicate that the
model learned a non-trivial radiographic signal and supports a meaningful explanation, as presented in Figure 10.

Atelectasis ﬂ A Atelectasis 0.7

Cardiomegaly - Cardiomegaly 0.88

I

Consolidation 0.82

Consolidation ﬁ
=

Edema
Edema “

Pleural Effusion
Pleural Effusion h

0.0 0.2 0.4 0.6 0.8 1.0
AUC value

Figure 9. Illustrative AUC values from the test-set for DenseNet-121 on representative CheXpert pathologies (e.g., atelectasis, cardiomegaly,
consolidation, edema, pleural effusion), providing a performance baseline for the explanation analysis

Figure 10. Region-based explanation behavior of XRAI in chest X-ray interpretation. The method generally produces cleaner, more coherent saliency
regions. However, it may merge adjacent anatomical structures into a single region (e.g., the rib outline and an adjacent nodule), reducing clinical
interpretability

In the structured EHR system, Alzheimer’s disease prediction used SMOTE with a 10-fold stratified cross-
validation and selected CatBoost as the final model. The tuned CatBoost achieved an accuracy of 95.0%, macro-F1
of 0.93, and AUROC of 0.9372. The confusion matrix indicated 12 false negatives and 10 false positives, which is
clinically relevant because false negatives represent missed cases that could delay intervention.

The EEG task explored HFO-guided epilepsy decision support, focusing on interpretable evidence grounded
in clinically relevant biomarkers and the time-frequency structure. The key outcome was alignment of interpretable
temporal characteristics with HFO-related clinical markers, with a sensitivity of 0.87 [7]. The multimodal mental-health
task developed a trimodal system for emotion recognition, achieving performance improvements through the fusion of
complementary modalities (accuracy = 89.3%) and requiring fusion-level reasoning and modality-contribution analysis
[2, 12].

4.2 Imaging explanations: qualitative comparison of XAI methods

For identical chest radiograph cases and labels, the vanilla gradients were highly noisy and fragmented, limiting
clinical usability. Grad-CAM generated smoother, more stable coarse regions that often aligned with plausible
pathological locations [6]. Integrated Gradients produced more distributed attributions that can reflect spatially diffuse
findings but may reduce specificity [13]. Region-based explanations were typically the most anatomically coherent.
However, region aggregation occasionally merged adjacent anatomical structures. It obscured fine boundaries. These
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findings reinforce the idea that explanation readability and faithfulness are not automatically aligned and motivate the
inclusion of stability and faithfulness checks in the evaluation [4].

4.3 Feature-level explanations in EHR modeling

In the Alzheimer’s EHR system, a feature-importance analysis identified Functional Assessment, ADL, Memory
Complaints, MMSE, and Behavioral Problems as the dominant contributors to the model’s decisions. These drivers are
clinically plausible and align with diagnostic reasoning. However, feature-level explanations still require robustness
checks because correlated predictors and handling of imbalanced data can affect attribution stability, consistent with
concerns in the clinical risk prediction and neuro-symbolic explainability literature [5, 8].

4.4 Cross-modal synthesis of explainability behavior

Cross-modal synthesis reveals modality-specific expectations for explanations and failure modes. Imaging
explanations are intuitive because they are spatial, but remain sensitive to gradient noise, preprocessing, and spurious
cues. Tabular explanations are traceable because they map to explicit variables, but they can conceal confounding and
instability. Signal-based explanations are most robust when grounded in biomarkers and time-frequency evidence, but
remain susceptible to artifacts and preprocessing. Multimodal explanations must also demonstrate how diverse evidence
is integrated and whether the contributions of different modalities remain consistent across various contexts. Table 3
summarizes the comparative properties of the explanation mechanisms, and Table 4 contrasts the multimodal findings
with the common assumptions of a single mode.

Table 3. Comparative properties of explanation mechanisms across modalities

XAI method Fidelity Robustness Clinical plausibility Computational cost
Grad-CAM [4] Medium High Medium-High Low
Integrated gradients [16] Medium Medium Medium Medium
Region-based (XRAI-style) High High High High
SHAP-style attribution [9] High High High (tabular) Medium
Attention weights Medium Medium Context-dependent Medium

Table 4. Multimodal extensions relative to common single-modality findings

Evaluation dimension Single-modality findings Multimodal extensions observed here

Transferability is modality-limited,

Transferability of the method Grad-CAM is effective for imaging modality mismatch risks increase
Prevalence of failure mode Instability reported in imaging saliency (spatial C{Ei{a\?sllrletl}r]ﬂzn :}Egzs\tlss ;ig%iigggﬁgis?nsi tivity)
Robustness requirements Domain constraints help physiological XAl Constraints improve interpretability reliability across modalities
Explanation universality SHAP proposed as general-purpose Effectiveness remains modality-dependent; strongest for tabular,

weaker without biomarker grounding
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5. Discussion

The consolidated evidence indicates that explainability is a modality-dependent property that emerges from
interactions between data type, model architecture, and clinical context [2, 4]. In chest X-ray prediction, the quality
of the explanation is constrained by gradient behavior and feature map resolution, which helps explain the differences
among vanilla gradients, Grad-CAM, integrated gradients, and region-based approaches. The practical implication is
that heatmap-based explanations should be treated as clinician-facing communication aids and model debugging tools,
not as proof of causal reasoning, consistent with established concerns about faithfulness [2].

For EHR-based Alzheimer prediction, interpretability aligns more naturally with clinical reasoning because
explanations reference named variables. However, this does not eliminate the need for careful validation; feature
importance can reflect correlated proxies or the effects of imbalance correction. Consequently, patient-facing tabular
explanations should report how imbalance handling was performed and provide evidence that feature rankings are stable
between folds and sampling strategies, in accordance with the responsible CDSS recommendations [3, 5, 8].

To support the EEG/HFO decision, interpretability is most defensible when grounded in domain markers and time-
frequency evidence, consistent with medically oriented XAl principles [7] and timing-based evidence for identifying
epileptogenic zones [8]. In multimodal emotion recognition, interpretability must address fusion: explanations should
justify both the decision and each modality’s contribution, reflecting broader multimodal AI challenges in healthcare and
mental health contexts [2, 12].

These results motivate a modality-aligned guide rather than a universal recommendation. Table 5 summarizes the
practical recommendations for clinical implementation.

Table 5. Modality-specific recommendations for clinician-facing deployment

Modality Recommended explanation approach Rationale

Balances interpretability and stability;

X-ray Grad-CAM [4] + region-based explanations supports clinician communication

EEG Biomarker/time-frequency grounded interpretation [12] Generic saliency insufficient; domain markers improve validity [7]
Multimodal Attention analysis + modality ablation [5] Needed to justify fusion and contribution stability

EHR SHAP-style attribution + stability checks [9] Variable-level explanations are traceable but must be robust

5.1 Limitations and future directions

This study has several limitations that should be considered when interpreting the results and deploying the
proposed framework. First, the four modality pipelines use different datasets, splits, and model families, which limits
direct numerical comparability and motivates our emphasis on modality-aligned evaluation principles. Second, an
evaluation of clinical plausibility by clinicians was not conducted; instead, plausibility judgments were based on
literature-informed rubrics, and future research will include expert panels and report inter-rater reliability. The clinical
plausibility findings in this work are preliminary and need formal validation by clinicians. Third, the quality of the
imaging explanation was primarily qualitative; quantitative metrics for faithfulness and stability (e.g., insertion/deletion
AUC, perturbation consistency) should be computed in future work, when per-sample predictions and explanation
artifacts are available. Fourth, the CheXpert validation/test sizes reflect the benchmark split, and additional external
validation datasets would further strengthen generalizability. Fifth, while cloud and big data deployment considerations
are discussed, the experiments were conducted on a single workstation without distributed training; future work should
explicitly evaluate scalability in cloud and federated settings.

Future work will prioritize: (i) cloud-based distributed XAl evaluation for large-scale clinical data, including
batching and approximate explanation strategies; (ii) federated multimodal XAl scenarios with explanation aggregation
and privacy-aware logging; (iii) clinician-in-the-loop studies to quantify plausibility and workflow impact; and (iv)
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controlled-variable experiments that isolate modality effects by applying a shared explainer across matched architectures
where feasible [17-20].

6. Conclusions

This paper consolidated four healthcare decision support pipelines under a unified evaluation perspective of
explainability spanning: (i) chest radiograph pathology classification, (ii) EEG-based epilepsy decision support using
High-Frequency Oscillations (HFOs), (iii) multimodal emotion recognition for psychological decision support, and
(iv) prediction of Alzheimer’s disease based on EHR. Across these modalities, we examined how commonly used
explanation mechanisms behave when applied to fundamentally different types of clinical evidence types; spatial
patterns in imaging, temporal/time-frequency structure in biosignals, modality fusion in behavioral inference, and
variable-level reasoning in tabular EHR data.

In the imaging setting, DenseNet-121 achieved meaningful discrimination of representative CheXpert findings,
enabling comparative interpretation with gradient- and region-based methods. Qualitatively, Grad-CAM tended
to provide stable, coarse localizations aligned with plausible anatomical regions; integrated gradients produced
smoother, but sometimes more diffuse attributions; region-based explanations improved anatomical coherence while
occasionally merging adjacent structures; and vanilla gradients were frequently noisy and fragmented. In the EHR
setting, the tuned CatBoost model yielded strong predictive performance, and the feature-level interpretation highlighted
clinically significant drivers (notably functional and cognitive measures), supporting transparency aligned with clinical
reasoning. For the support of the EEG/HFO decision, interpretability was most defensible when grounded in domain-
specific biomarkers and time-frequency signatures, and attention/saturation outputs were interpreted as supportive
evidence, conditioned on signal-preprocessing choices. In multimodal emotion recognition, fusion improved predictive
performance, but the relative contribution of modalities varied across emotional classes, motivating fusion-level
interpretability via attention patterns, modality contribution analysis, and ablation-based validation.

A cross-modal synthesis indicates that explainability is not a universal add-on; rather, it is a modality-dependent
property that emerges from the interaction among data type, model architecture, and clinical context. Across modalities,
recurring risks include instability of explanations under perturbations and susceptibility to spurious cues, reinforcing the
importance of explanation validation as a deployment-facing requirement rather than a visualization exercise.

The core objective of this study was to evaluate the behavior of the explanation in heterogeneous clinical modalities
and to assess whether the explanations are sufficiently faithful, robust, and clinically plausible to support the use of
CDSS in real-world. First, this study presents a consolidated multimodal evaluation encompassing spatial imaging,
temporal biosignals, multimodal fusion, and tabular EHR prediction, demonstrating how explanation choices and
interpretation constraints differ across clinical evidence types. Second, identify recurring cross-domain failure modes:
instability, spurious cue sensitivity, and modality mismatch that persist despite differences in datasets and model
families, supporting the argument that explanation validity must be treated as a system property. Third, derive actionable
modality-specific guidance for clinical workflows: Grad-CAM plus region-based attribution (with stability checks) for
chest radiographs, biomarker/time-frequency-based interpretation for EEG/HFO pipelines, contribution-aware fusion
analysis (attention + ablation) for multimodal psychological decision support, and feature-level attribution with stability
reporting under imbalance handling for EHR prediction.

Future work should prioritize standardized quantitative evaluation of faithfulness and robustness across modalities,
clinician-in-the-loop plausibility assessment with inter-rater reliability, and validation on larger real-world clinical
datasets and in deployment settings where data drift and resource constraints shape both model behavior and the
feasibility of explanations. In general, the proposed multimodal evaluation perspective supports practical deployment
by aligning explanation selection and validation with modality-specific clinical evidence, robustness requirements, and
workflow constraints.

From a cloud computing and data science perspective, the framework provides a practical rubric for operationalizing
XAI at scale: explanation artifacts can be computed in batches, logged with model and data versions, monitored for
stability drift, and audited within Machine Learning Operations (MLOps) pipelines. These properties are essential when
CDSS must generate explanations for large patient cohorts and when models are retrained frequently. By explicitly

Volume 7 Issue 2[2026| 285 Cloud Computing and Data Science



linking modality-aligned evaluation axes (faithfulness, robustness, clinical plausibility) to scalable computation and
governance, the work enhances the applicability of XAI evaluation to cloud-enabled clinical analytics and big-data
deployment scenarios.
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Appendix A

A.1 Experimental environment and reproducibility

All experiments were executed on a single compute node (no distributed training was used). The experimental
environment is summarized in Table Al. For deep learning pipelines, training and inference were implemented in Python
using a modern deep learning framework (e.g., PyTorch) with GPU acceleration where available; classical ML pipelines
were implemented using scikit-learn, with CatBoost used for gradient-boosted decision trees. For explainability,
gradient-based methods were implemented using standard attribution libraries (e.g., Captum for PyTorch), and SHAP-
style explanations for tree models were computed using TreeSHAP implementations in SHAP/appropriate libraries.

Table A1l. Experimental environment and software versions

Component Specification

Central Processing Unit (CPU) 16-32 logical cores (Xeon/Ryzen class), AVX2 capable

Graphic Processing Unit (GPU) NVIDIA RTX 3090 (24 GB)

Random-Access Memory (RAM) 64 GB

Operating System (OS) Ubuntu 22.04 LTS

Python Python 3.11.x (compatible with SHAP > 0.50)

Deep learning framework PyTorch 2.11 (CUDA-enabled)

Key libraries Numpy > 1.26; pandas > 2.2; scipy > 1.12; scikit-learn 1.7.x-1.8.x; imbalanced-learn > 0.12; matplotlib > 3.8

Model/XAI libraries Catboost 1.2.10; shap 0.51.0; captum 0.8.0; opencv-python 4.13.0.92; mediapipe 0.10.33;

transformers 5.4.0 (if used)

A.2 Model hyperparameter and training configurations
To support reproducibility and cross-modal comparison, Table A2 reports the complete hyperparameter configuration

for each model: DenseNet-121 (CXR), HFONet1D and HFOTransformer1D (EEG), E-Branchformer fusion model
(emotion), and CatBoost (EHR Alzheimer prediction).

Table A2. Hyperparameter configuration details of models

Key architecture

. - Batch/ Regularization/ Split protocol/
Model (Modality) settings Optimizer LR/Schedule Epochs Stability Notes
_ Uncertainty
DenseNet-121 121-layer DenseNet; ﬁ,ﬁ L _0093’9 handling U-ones;
(CXR: CheXpert) 14 sigmoid heads; Adam le-4/constant 64/5 epochs checzk oint eve official split
g P input 320 x 320 s 81’00 o Y (~223k train/
’ 200 val/500 test)
1D CNN for 0.2 s
HFONet1D : . le-3/ 256/10-30 Dropout 0.2; . . :
(EEG; iEEG HFO) WIH(L%WH?’HIESO vs Adam ReduceLROnPlateau epochs grad clip 1.0 Subject-wise split
1D transformer; .
HFOTransformerlD : S 3e-4 + cosine decay 128/20-50 Dropout 0.1; . . :
(EEG; iEEG HFO) atggrtrlloena:f;li:igfd Adamiy + warmup 5% epochs wd 0.01 Subject-wise split
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Table A2. (cont.)

Model (Modality) Key ;’erft}i‘r‘lfges"t“re Optimizer LR/Schedule Erj‘éf}‘l/s Regs“tfg}ﬁ?;“m/ Split protocol/
Per-modality
E-Branchformer encoders hidden LR 5e-5, wd 5e-6, Batch §; up. Dropout 0.25; Five splits
trimodal fusion 2M8, B heads, latent @ o f=1(095,0999); ‘030 cpochs: - gradnom 70,1515 fixed
(Emotion; layers; shared re warmup 500 steps sto; iny b acc1fmﬁle;tigon 2; seeds (42 + k); no
CREMA-D features) Yers. S P then linear decay PpIng by . P, overlap checks
512; classifier 512 — macro-F1 mixed precision
1,536 - 512 > 6
CatBoost selected I . Milcro'-F%
from 8 models: 10- terations selection;
CatBoost - ey CatBoost . 1,000; AUROC
X - 5 fold stratified CV; s Learning_rate 0.05 . -
(EHR; Alzheimer’s) SMOTE in the built-in depth 6;
pipeline

reported; feature
12_leaf reg3

importance for
interpretation

A.3 Implementation details of XAI methods

To improve reproducibility and address modality-specific configurations, Table A3 reports implementation settings
for each XAI method, including target layer selection for Grad-CAM, baseline/steps for Integrated Gradients, SHAP
variant, and background strategy for tabular attribution, and attention normalization used for fusion interpretability.

Table A3. Implementation settings for explainability methods
Methods Modality Implementation Key parameters Output artifact
Gradients w.r.t. last convolutional T . . o
. arget layer: last conv feature map; Heatmap overlay; optional
block of DenseNet-121; T ; oY )
Grad-CAM CXR . - upsample = binary; quantitative insertion/
target = pathology logit : : .
normalize [0, 1] per image deletion curves
(pre-sigmoid)
. Path integral from baseline to input Baseline = all-zeros; steps = 50; Attribution map; insertion/
Integrated gradients CXR over gradients of target logit attribution normalized to unit-sum deletion scores
Vanilla gradients CXR

Input-output derivative

Absolute gradients:
of target logit

optional smoothing

Pixel-level saliency map
(not used unless specified)

Superpixel segmentation + region SLIC ~ 300 regions; Region masks:
XRAI-style regions CXR ranking using IG aggregated per region aggregation threshold rank r% ion overlavs
region (based on coverage) g verlay
Background = random subset of
TreeSHAP EHR Exact SHAP values for the tree training data (e.g., 512 rows); Global feature importance;
(TreeExplainer) ensemble (CatBoost) output scale = probability or local explanations
logarithmic odds
Attention EEG/ Use post-softmax attention weights; Row-wise softmax; average over Attention maps; modality
interpretation Emotion summarize per head and layer heads; optionally attention rollout contribution analysis
Saliency (gradient) EEG

Gradient of output logit w.r.t. input Normalize to unit norm; average Saliency profiles over time
time samples profiles for correct predictions

(mean + SD)
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