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Readmission Risk Prediction using Explainable AI based on Multimodal
EHR Data

Gautam Aggarwal

ABSTRACT

Hospital readmission within thirty days of discharge is a major indicator of
healthcare quality. Accurate Readmission Risk Prediction (RRP) is therefore
important for patient outcomes, mortality, and cost of care. Modern hospitals
routinely capture heterogeneous clinical evidence: unstructured clinical narratives,
time-series vital signs, and structured International Classification of Diseases (ICD)
diagnosis codes. Prior deep-learning approaches to RRP have largely treated these
modalities in isolation, ignored their cross-modal dependencies, or omitted
explainability, which yields brittle predictions and limited clinical trust.

This thesis proposes a multimodal deep-learning framework that integrates all
three modalities for interpretable 30-day RRP. The framework has five new
components. Non-linear Ridge ClinicalBERT (NR-ClinicalBERT) performs
Semantic Contextual Analysis (SCA) on clinical notes and ICD diagnosis text; the
non-linear ridge function augments Clinical BERT to capture non-linear relationships
while controlling feature variance. A Co-Attention Variational AutoEncoder (Co-
AVAE) performs Cross-Model Integration Analysis (CMIA) over the clinical, vital,
and ICD modalities; the co-attention mechanism captures local cross-modal
correlations that the conventional Variational AutoEncoder cannot. A Logarithmic
Dual Sigmoid Fuzzy Logic (LDS-FL) module labels risk using the Charlson
Comorbidity Index (CCI) and a National Early Warning Score 2 (NEWS2) based
Vital Instability Score; the LDS membership function reduces categorisation bias
near decision boundaries. A Wald Conditional Random Field (WCRF) models the
irregular temporal patterns in vital signs that conventional CRFs miss. A Hessian
Smooth Maximum Bidirectional Gated Recurrent Unit (HSM-BiGRU) produces the
final readmission prediction using the Smooth Maximum Unit (SMU) activation and
Hessian regularization for stability and non-linear feature learning. Local
Interpretable Model-agnostic Explanations (LIME) then provide feature-level
explanations to support clinician trust.

The framework was implemented in Python and evaluated on the Medical
Information Mart for Intensive Care IV (MIMIC-IV) dataset (version 3.1), with
299,712 patient records split 80:20 for training and testing. The proposed HSM-
BiGRU classifier reached a readmission prediction accuracy of 98.67%, Root Mean
Squared Error (RMSE) of 0.154, Mean Absolute Error (MAE) of 0.118, Cohen's
Kappa of 0.961, and Receiver Operating Characteristic Area Under the Curve (ROC-
AUC) of 0.9867, beating the BiGRU, BiLSTM, LSTM, and RNN baselines. Co-
AVAE obtained a Mean Squared Error (MSE) of 0.011 against 0.092 for the
conventional VAE, and NR-Clinical BERT reached a Mean Reciprocal Rank (MRR)
of 0.93 and Mean Average Precision (MAP) of 0.91, ahead of Clinical BERT,
RoBERTa, DistilBERT, and BERT. LDS-FL achieved a defuzzification time of 235

Page 10 of 52 - Integrity Submission Submission ID  trn:oid:::27535:144231299



Submission ID trn:oid:::27‘_’~'}%5:144231299

z'l-_l turnitin Page 11 of 52 - Integrity Submission

ms. WCRF obtained a log-likelihood of 1.845 with a Sequence Error Rate (SER) of
0.08.

In practice, the framework supports faster and more accurate decision-making
for discharge planning and post-discharge resource allocation. Future work can
extend the input set to include laboratory reports, medication histories, radiology
findings, wearable-sensor data, and genomic information for more complete patient
profiling and earlier intervention.

Keywords: Readmission Risk Prediction; ClinicalBERT; Deep Learning,; Clinical
Notes; Vital Signs Monitoring, ICD Codes, Natural Language Processing;
Multimodal Fusion; Explainable Al
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CHAPTER 1
INTRODUCTION

1.1 General

Hospital readmission within thirty days of discharge is one of the most
consequential indicators of healthcare quality, post-discharge care effectiveness, and
inpatient operational efficiency. Unplanned readmissions reflect gaps in initial
treatment, discharge planning, transitional care, or post-acute support. They have
been consistently associated with higher patient mortality, prolonged morbidity,
greater resource use, and financial burdens on both providers and payers [27], [44].
Accurate, automated, and explainable Readmission Risk Prediction (RRP) is
therefore central to the design of clinical decision support systems that can flag at-
risk patients early and guide proactive interventions [15], [39].

Modern hospitals generate large volumes of heterogeneous patient data during
a single admission. The data span unstructured free-text clinical narratives written by
clinicians, physiological time series such as heart rate, oxygen saturation and blood
pressure, and structured diagnostic codes such as the International Classification of
Diseases (ICD) [7], [30]. The three modalities encode different facets of the patient
state. Clinical notes carry semantic context. Vital signs reveal physiological
trajectories. ICD codes give diagnostic and comorbidity information. A useful RRP
system must reason across all three, capturing both the individual signals and the
cross-modal dependencies that emerge when they are considered together.

Despite substantial progress in applying machine learning and deep learning to
clinical prediction, most existing RRP approaches focus on a single modality, rely on
shallow feature engineering, or treat the modalities independently without modelling
their interaction. The absence of model transparency in many deep-learning
approaches also limits clinical deployment, since clinicians need interpretable
evidence to trust an algorithmic recommendation. This thesis addresses both issues
with a multimodal deep-learning framework that integrates clinical notes, vital signs
and ICD codes, captures semantic and temporal dependencies, and exposes feature-
level explanations for each prediction.

1.2 Hospital Readmission and its Clinical Significance

Unplanned readmissions are treated as adverse events in modern healthcare.
Beyond the direct clinical risk to the patient, they impose measurable economic costs
on health systems and frequently signal systemic issues such as premature discharge,
weak patient education, fragmented post-discharge care, or unrecognised
comorbidities at the time of discharge. In several jurisdictions, payer organisations
have introduced financial penalties for hospitals with excessive 30-day readmission
rates for specific conditions such as heart failure, chronic obstructive pulmonary
disease (COPD), pneumonia and myocardial infarction [19]. Early identification of
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patients at high risk of readmission has therefore become both a clinical and an
economic priority.

Conventional risk-stratification tools used in clinical practice, such as the
LACE index [40], the HOSPITAL score [13] and various comorbidity-based
instruments, rely on a small set of structured variables and rule-based scoring. They
are interpretable and easy to deploy, but their predictive performance is modest, and
they cannot exploit the richness of contemporary Electronic Health Records (EHRs).
Data-driven approaches that use the full breadth of routinely captured clinical
information offer substantially higher accuracy, but they raise new questions about
representation learning, modality fusion, temporal modelling, and explainability.

1.3 Multimodal Clinical Data Sources

The proposed framework uses three modalities of clinical evidence that are
routinely captured during an inpatient episode. Each modality conveys
complementary information about the patient, and the combination supports more
accurate risk stratification than any single source.

1.3.1 Clinical Notes

Clinical notes are free-text narratives written by physicians, nurses and allied
health professionals throughout an admission. They include admission notes,
progress notes, nursing shift reports, discharge summaries and consult notes. Unlike
structured fields, these narratives capture context, reasoning, uncertainty and nuance.
They document symptoms reported by the patient, examination findings, differential
diagnoses considered and discarded, treatment decisions, and responses to therapy.
No other modality carries comparable semantic depth, but extracting an actionable
signal is hard because of abbreviations, domain-specific jargon, negation,
temporality and variation in clinician writing style.

1.3.2 Vital Signs

Vital signs are physiological measurements recorded at regular intervals during
a patient's stay. They include respiration rate, oxygen saturation, body temperature,
systolic and diastolic blood pressure, heart rate and the consciousness level. Vital
signs evolve over time, and it is the trajectory, rather than any individual reading,
that usually reveals clinical deterioration or recovery. Early-warning systems such as
the National Early Warning Score 2 (NEWS2) [35] aggregate abnormal readings into
a single instability score that correlates with adverse events, including unplanned
readmission. Vital signs are inherently temporal and irregular: measurements occur
at non-uniform intervals, may be missing, and contain noise from monitoring
artefacts.

1.3.3 ICD Diagnosis Codes

The International Classification of Diseases (ICD) is the standardised coding
system for diagnoses and procedures in administrative and clinical databases. ICD
codes are hierarchical and capture the principal diagnosis, secondary diagnoses,
comorbidities and complications. They are structured and machine-readable and
form the basis for established comorbidity instruments such as the Charlson
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Comorbidity Index (CCI) [9], which assigns weighted scores to specific conditions
and is a strong predictor of one-year mortality and other adverse outcomes. ICD
codes also carry semantic descriptions (short titles and long titles) that can be
embedded as text to capture diagnostic context beyond the bare code.

1.4 Deep Learning in Clinical Decision Support

Over the past decade, deep learning has changed how clinical data are
analysed. Recurrent Neural Networks (RNNs), in particular Long Short-Term
Memory (LSTM) [16] and Gated Recurrent Unit (GRU) [11] variants, are widely
used for temporal sequences such as vital signs and laboratory results. Convolutional
Neural Networks (CNNs) have been applied to medical imaging and to fixed-
window summaries of EHR data. Transformer-based language models such as BERT
[12] and its clinical adaptation ClinicalBERT [17] have substantially improved the
representation of unstructured clinical notes by capturing bidirectional context across
long sequences. Variational AutoEncoders (VAEs) [21] and related generative
models give a principled way to learn compact latent representations of
heterogeneous data, while attention [41] and co-attention [28] let models focus on the
most informative regions of an input.

Two issues limit the clinical deployment of deep models. First, when multiple
modalities are involved, naive concatenation or late fusion fails to capture the local
interactions between them. Second, deep classifiers are typically opaque: they return
a score without indicating which features drove the prediction. Local Interpretable
Model-agnostic Explanations (LIME) [34] and SHapley Additive exPlanations
(SHAP) [29] provide post-hoc feature attributions that address the second issue, but
they are rarely combined with multimodal architectures designed specifically for
clinical RRP.

1.5 Research Gap

A systematic review of the most recent literature on hospital RRP shows that
none of the prevailing works model cross-modal integration between clinical notes,
vital signs and ICD codes [5]. As a result, the relationships across the three
modalities are not captured, and the reliability of RRP suffers. The temporal
evolution of vital signs is also commonly modelled with uniform-interval
assumptions that do not hold in real ICU and ward settings, the contextual meaning
of clinical narratives is often reduced to bag-of-words representations that discard
semantic dependencies [24], and explainability is treated as an after-thought rather
than a design principle.

1.6 Problem Statement

The main limitations of prevailing RRP approaches that this thesis addresses
are:

» Conventional works do not adequately capture the contextual information in
clinical notes, which reduces the overall performance of the model.
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» Existing works often overlook the irregular temporal variations and evolving
physiological patterns of vital signs, which lowers predictive performance for
time-dependent risks.

*  Most prevailing works predict readmission risk without exposing the factors
behind the decision, which decreases clinician trust and limits real-world
adoption.

* Cross-modal interactions between clinical notes, vital signs and ICD codes
are typically ignored, even though they carry significant predictive signal.

1.7 Significance and Scope of the Study

This work develops a single framework for hospital RRP that uses
heterogeneous clinical data, captures cross-modal dependencies, models irregular
temporal patterns, and explains its predictions. The framework is intended to support
real-time clinical decision-making and can be integrated into discharge planning,
transitional care coordination, and post-acute resource allocation.

1.8 Aim and Key Objectives

The proposed system designs a multimodal deep-learning framework for
predicting readmission risk using clinical notes, vital signs and ICD codes. The
objectives that drive the design are:

* To improve the learning capability of the model by performing Cross-Model
Integration Analysis (CMIA) over clinical notes, vital signs and I[CD-based
disease representations using the proposed Co-Attention Variational
AutoEncoder (Co-AVAE).

» To improve the semantic understanding of clinical narratives by performing
Semantic Contextual Analysis (SCA) using the proposed Non-linear Ridge
Clinical BERT (NR-Clinical BERT).

» To analyse temporal variations in vital signs by extracting sequential patterns
using the proposed Wald Conditional Random Field (WCRF).

» To label readmission risk into low, moderate and high categories using the
proposed Logarithmic Dual Sigmoid Fuzzy Logic (LDS-FL) approach driven
by the Charlson Comorbidity Index (CCI) and a NEWS2-based Vital
Instability Score.

* To predict the final readmission risk using the proposed Hessian Smooth
Maximum Bidirectional Gated Recurrent Unit (HSM-BiGRU) classifier.

» To improve transparency and clinical trust by explaining the factors that
influence the RRP using Local Interpretable Model-agnostic Explanations
(LIME).

1.9 Contributions of the Thesis

The principal contributions of this thesis are summarised as follows:
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An NR-Clinical BERT module is introduced for semantic contextual analysis
of clinical notes and ICD diagnosis text. Augmenting Clinical BERT with a
Non-linear Ridge function lets the module capture non-linear semantic
relationships while controlling excessive feature variance through ridge
regularization.

A Co-AVAE module is introduced for cross-model integration analysis
across the three modalities. The co-attention mechanism captures local
feature correlations between modalities, which the conventional VAE misses,
and the variational encoder/decoder structure produces a single latent
representation.

An LDS-FL module is introduced for readmission risk labelling. The
Logarithmic Dual Sigmoid membership function reduces the categorisation
bias of conventional fuzzy logic membership functions and gives faster
fuzzification and defuzzification.

A WCRF module is introduced for sequential pattern analysis of vital signs.
The Wald distribution captures stochastic temporal intervals that the
conventional CRF assumes to be uniform.

An HSM-BiGRU classifier is introduced for the final RRP. The Smooth
Maximum Unit (SMU) activation smooths non-linear learning. Hessian
regularization captures second-order information of the loss function and
improves the stability of the BIGRU parameters.

Empirical evaluation on the MIMIC-1V (v3.1) dataset, comparing each
proposed module against four to five backbone baselines across five sub-
tasks (CMIA, SCA, risk labelling, sequential pattern analysis and final RRP),
together with a qualitative comparison to six recently published works.

Integration of LIME-based explainability that gives feature-level explanations
of each prediction for clinical trust and auditability.

1.10 Organisation of the Thesis

The remainder of this thesis is organised as follows:

Chapter 2 reviews the literature on hospital readmission risk prediction,
grouping existing works by methodology and modality and identifying the
specific gaps that motivate the present work.

Chapter 3 presents the proposed methodology in detail and describes each of
the five novel modules (NR-Clinical BERT, Co-AVAE, LDS-FL, WCRF and
HSM-BiGRU) together with the LIME-based explainability stage and the
underlying mathematical formulations.

Chapter 4 reports the experimental setup, dataset characteristics, evaluation
metrics and comparative results across all five sub-tasks, with a discussion of
what the findings imply and how they compare to recently published works.

Chapter 5 concludes the thesis. It summarises the main findings, sets out the
practical and social implications of the work, and outlines concrete directions
for future research.
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CHAPTER 2
LITERATURE SURVEY

2.1 Overview

This chapter reviews the work most directly related to hospital readmission risk
prediction (RRP). The literature is large and varied. It covers traditional machine-
learning approaches on structured features, deep-learning methods on sequences or
unstructured text, natural-language processing pipelines specialised for clinical
narratives, and multimodal architectures that try to fuse two or more data sources.
The review is organised first by methodological family and then by recent works
directly comparable to the proposed framework. The chapter ends with the specific
limitations of these works that the present thesis is designed to overcome.

2.2 Traditional Machine-Learning Approaches

Classical machine-learning models are still widely applied to RRP because
they are interpretable, need modest data, and are easy to deploy. Logistic regression
remains a strong baseline because its coefficients can be inspected directly. Random
forests [8] and gradient-boosted decision trees, especially eXtreme Gradient
Boosting (XGBoost) [10], have frequently beaten logistic regression on structured
EHR features. These models, though, depend on hand-crafted feature engineering:
comorbidity indices, admission counts, length-of-stay summaries, demographic
variables and aggregated laboratory values must all be designed by domain experts.
They also struggle with unstructured free text and with irregularly sampled
physiological time series.

2.3 Deep-Learning Approaches

Deep-learning models have extended the scope of RRP by enabling end-to-end
learning from raw or minimally pre-processed data. RNN variants such as LSTM and
GRU model temporal dependencies in vital signs and time-stamped events.
Bidirectional variants (BiLSTM, BiGRU) [37] further improve performance by
processing each sequence in both directions, so that every time step has access to
past and future context. CNNs have been applied to short, fixed-length windows of
structured EHR data treated as one-dimensional feature maps. More recently, graph
neural networks (GNNs) [22] have been proposed for patient-similarity modelling
and for fusing structured and unstructured information through heterogeneous
graphs.

Deep classifiers are flexible but often struggle with highly non-linear
relationships and show training instability on noisy clinical data. They are also prone
to overfitting, particularly when the readmission outcome is imbalanced.
Regularization strategies such as dropout, weight decay and, more recently, second-
order Hessian-based methods have been explored to address these issues.
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2.4 NLP-Based Approaches for Clinical Notes

Natural-language processing of clinical notes is hard for specific reasons:
domain-specific vocabulary, heavy use of abbreviations, ambiguous negation, and a
shortage of large annotated corpora. Pre-trained transformer language models have
largely replaced earlier word-embedding approaches. BERT [12] introduced
bidirectional self-attention over sub-word units; RoOBERTa [25] improved training
stability and dataset scale; DistilBERT [36] offered a smaller, faster variant; and
ClinicalBERT [17], pre-trained on clinical narratives from the MIMIC corpus,
specialised these advances to the medical domain. These models capture contextual
semantics well, but in their default form they cannot easily express non-linear
relationships among learnt features, and they are sensitive to feature variance from
highly heterogeneous clinical text.

2.5 Multimodal Approaches

Multimodal models combine evidence from several data sources, typically by
encoding each modality separately and then fusing the resulting representations.
Early-fusion methods concatenate raw features before learning. Late-fusion methods
train modality-specific classifiers and combine their outputs. Mid-level fusion learns
a joint latent representation. Variational AutoEncoders have been used to learn
compact joint latent spaces for heterogeneous clinical inputs, but the conventional
VAE objective tends to ignore local feature variations across modalities, and the
symmetric Kullback-Leibler objective treats all modalities equally regardless of their
informativeness. Co-attention mechanisms, which compute attention weights jointly
across two or more streams, capture fine-grained cross-modal interactions well in
non-clinical settings, but they have rarely been used in clinical RRP frameworks.

2.6 Detailed Review of Recent Works

This section reviews five recent works most directly comparable to the
proposed framework. Each entry summarises the data, methodology, main
contribution, and the specific limitation that motivates the corresponding component
in the proposed framework.

2.6.1 Almeida, Moreno and Barata (2025) — Clinical Notes with Graph Neural
Networks

Almeida et al. [4] presented a hospital readmission prediction pipeline based on
clinical notes. Patient clinical notes were first collected from the EHR. The text was
pre-processed and then embedded using transformer encoders. A Graph Neural
Network (GNN) was applied to capture relational dependencies between encoded
sentences and to predict 30-day readmission. The work showed that contextual
embeddings of clinical notes, paired with relational learning, can beat classical
baselines on text-only RRP. The model never observed any physiological
information, so the deterioration signals carried by vital signs were missed, which
limits its overall predictive ceiling.

2.6.2 Pham et al. (2024) — CNN with SHAP-Based Explainability
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Pham et al. [32] built a forecasting pipeline for early patient readmission using
Irish hospital discharge records. Medical data were collected and balanced to address
the imbalance between readmitted and non-readmitted classes. A Convolutional
Neural Network (CNN) was used to model fixed-window summaries of structured
features, and SHAP was applied to add interpretability. The work showed that
conventional machine-learning models combined with explanation tools can produce
clinically useful predictions. The unstructured clinical narratives were not analysed
contextually, which reduces the model's reliability on patients whose risk factors live
mainly in free-text fields.

2.6.3 Woudneh (2025) — Generalised Linear Mixed Models for Elderly Patients

Woudneh [42] looked at hospital readmission among elderly patients and
combined patient-level and ward-level factors. Hospital health records and surgical
logs were collected, and data quality was checked carefully. A Generalised Linear
Mixed Model (GLMM) was used to model hierarchical effects across wards and
patients. The mixed-model formulation accounted for between-ward variability and
produced statistically interpretable coefficients. The model had no explicit
explainability layer beyond classical coefficient inspection and did not use
unstructured information, which limits both trust and predictive depth.

2.6.4 Song et al. (2025) — XGBoost with Stepwise Feature Selection

Song et al. [38] addressed unplanned readmission of elderly patients with
coronary heart disease. Clinical data were collected and a stepwise forward feature-
selection method was used to identify the most predictive variables. XGBoost was
then trained as the classifier, with SHAP-based explanations alongside the
predictions. The stepwise approach produced an interpretable and compact feature
set. Cross-modal integration between heterogeneous clinical sources was not
analysed, and the structure of unstructured narratives and physiological time series
was not used.

2.6.5 Liu et al. (2024) — Random Forest and XGBoost for Post-PCI Patients

Liu et al. [26] explored readmission risk prediction for patients with non-ST
elevation myocardial infarction after percutaneous coronary intervention. Patients
were first stratified by infarction type. Clinical variables common across the cohort
were selected with a random forest, and XGBoost was then trained to predict 30-day
readmission. The ensemble approach reached competitive accuracy on the targeted
cohort. The framework ignored vital signs and ICD codes (two of the three
modalities considered in the present work), which limits its applicability to broader
patient populations.

2.7 Comparative Summary of Related Works

Table 2.1 summarises the most relevant recent works on RRP, including those
reviewed individually above and five additional works [1], [2], [18], [33], [43] that
appear in the comparative study of Chapter 4. For each work, the table lists the main
methodology, the modalities considered, the main advantage, and the limitation that
the proposed framework addresses.
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Table 2.1: Comparative Summary of Recent RRP Works

ward factors

Study Methods Modalities Limitation Addressed
Here
Almeida et al. (2025) | GNN on clinical notes Notes only Vital and ICD
[4] information ignored
Pham et al. (2024) CNN + SHAP Structured EHR | No semantic contextual
[32] analysis
Woudneh (2025) [42] GLMM Patient and Lacks explicit

explainability layer

Song et al. (2025)
[38]

XGBoost + stepwise

selection

Structured EHR

No cross-model
integration

Liu et al. (2024) [26]

Random Forest +

Cardiac sub-

Ignores vital signs and

XGBoost cohort ICD codes
Rasheed et al. (2025) LSTM ICU time series | Prediction model not
[33] stable
Huang et al. (2025) CGAN + XGBoost AECOPD No cross-modality
[18] cohort relationships
Albahli (2025) [2] Random Forest Diabetic Cannot adapt to real-time
patients monitoring
Alabdulhafith et al. PSO + Ensemble ML + | ICU edge/cloud | Generalisability
(2023) [1] XAl decreased
Zhai et al. (2025) [43] E-SurP Cardiac + Non-linear factors hard
environment to model

2.8 Identified Research Gaps

The review above yields four research gaps that the present work directly

targets:

* Cross-modal interactions between clinical notes, vital signs and ICD codes
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are not explicitly modelled in any of the reviewed works, even though all
three modalities are routinely captured during inpatient care and carry highly
complementary signal.

Semantic context in clinical narratives is either ignored or handled with bag-
of-words and shallow embeddings, which fails to capture the long-range,
bidirectional and domain-specific dependencies that Clinical BERT-class
models can express.

Temporal patterns in vital signs are typically modelled with assumptions of
uniform sampling intervals or first-order Markov dynamics, which do not
reflect the stochastic and irregular nature of ward-recorded physiology.
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* Explainability is treated as an after-thought. Only a minority of works
incorporate post-hoc attribution methods such as SHAP or LIME, and none
combines explainability with an integrated multimodal architecture.

2.9 Chapter Summary

This chapter has surveyed the recent work on hospital RRP, covering
traditional machine learning, deep learning, NLP-based and multimodal approaches.
Five directly comparable works were reviewed in depth and a further five were
summarised in comparative form. Four specific research gaps were identified: cross-
modal integration, semantic contextual analysis, irregular temporal modelling, and
integrated explainability. The framework proposed in Chapter 3 is designed to
address all four.
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PROPOSED METHODOLOGY

3.1 Overview of the Proposed Framework

This chapter presents the proposed Co-AVAE-based Cross-Model Integration
Analysis (CMIA) and HSM-BiGRU-based Readmission Risk Prediction (RRP)
framework. The framework takes three modalities of clinical evidence (unstructured
clinical notes, time-series vital signs and structured ICD diagnosis codes) and
produces an interpretable readmission risk prediction together with a feature-level
explanation. The end-to-end architecture is summarised in Figure 3.1.
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Figure 1: Structure of the Proposed Framework

Figure 3.1: Structure of the Proposed Framework

The framework has ten stages: (i) collection of the three input modalities; (ii)
modality-specific pre-processing and clinical keyword extraction; (iii) feature
extraction; (iv) semantic contextual analysis of clinical notes and ICD text using NR-
ClinicalBERT; (v) cross-model integration of all three modalities using Co-AVAE;
(vi) computation of the Charlson Comorbidity Index and the Vital Instability Score;
(vii) readmission-risk labelling using LDS-FL; (viii) sequential pattern analysis of
vital signs using WCRF; (ix) final readmission-risk prediction using HSM-BiGRU;
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and (x) feature-level explanation of the prediction using LIME. Each stage is
described in detail in the subsections that follow.

3.2 Clinical Notes, Vital Signs, and ICD Codes

The proposed framework starts with the collection of clinical data M,
comprising clinical notes M”clinical, vital signs M"vital and ICD-based diagnosis
information M"ICD.

M therefore carries the semantic, physiological and diagnostic information that
the downstream stages need.

3.3 Pre-Processing and Clinical Keyword Extraction

Clinical notes and vital signs are pre-processed before feature extraction. For
clinical notes, sentence splitting is first performed on M”clinical to break the
narrative into smaller semantic units. Abbreviations are then extracted to
disambiguate domain-specific short forms. Stop-word removal eliminates irrelevant

tokens such as "is", "as" and "the". Finally, lemmatisation converts words to their
root form, yielding the pre-processed clinical data P”clinical.

Meanwhile, Missing Value Imputation (MVI) is performed on M~*vital to
handle gaps in the physiological time series, yielding the pre-processed vital signs
P~vital. From P*clinical, the set of clinical keywords y — such as symptoms,
diseases, treatment procedures and medications — is extracted.

3.4 Feature Extraction

Three feature sets are then extracted, one per modality. From P”clinical, the
clinical features F~clinical (word count, sentence count, average sentence length,
unigrams, bigrams and similar surface statistics) are extracted. From P*vital, the vital
features F"vital are extracted: respiration rate, oxygen saturation, body temperature,
systolic blood pressure, heart rate and consciousness level. From M”ICD, the ICD
features FAICD are extracted: the ICD code itself, the ICD version, the short title and
the long title.

3.5 Semantic Contextual Analysis using NR-ClinicalBERT

Semantic Contextual Analysis (SCA) is performed over y and P”clinical using
the proposed Non-linear Ridge ClinicalBERT (NR-ClinicalBERT). ClinicalBERT
[17], a transformer pre-trained on clinical narratives, is the backbone here because it
captures the bidirectional semantic meaning of medical terms. The standard
ClinicalBERT, however, struggles to express non-linear relationships between its
learnt features. A Non-linear Ridge (NR) function is therefore added for feature
learning inside Clinical BERT.

First, the clinically embedded data E is obtained with respect to the embedding
matrix 0:

E = y x pclinical . 5 (3.1)
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The contextual relationship between the tokens of E is then learnt using a soft-
attention mechanism g:

4
g = softmax[E X ”XT“: X v] (3.2)

where u, v and w denote the query, value and key matrices of E, respectively; e
is the dimensional scaling factor; and the V super-script denotes the transpose. In
parallel, the NR function ¢, which extracts non-linear patterns while minimising
excessive feature variance, is computed as:

(iVE-n)?

¢ = exp[— 5] (3.3)

where 1 and n are the weight and bias of E, 6? is the variance-control parameter
and vy is the ridge regularization coefficient. The clinical SCA output S”clinical is
then obtained by combining the attention output g and the non-linear ridge response
0:
getinical = [(g, ) X i] +n (3.4)
Likewise, the SCA output S*ICD for the ICD diagnosis text is computed from

FAICD using the same NR-ClinicalBERT pipeline. Both S”clinical and S*CD are
forwarded to the cross-model integration stage.

3.6 Cross-Model Integration Analysis using Co-AVAE

The cross-model integration analysis (CMIA) over F~clinical, F*vital, FAICD,
S~clinical and SMCD is carried out using the proposed Co-Attention Variational
AutoEncoder (Co-AVAE). The Variational AutoEncoder (VAE) [21] is the
backbone because it learns compact latent representations from heterogeneous data.
The conventional VAE, however, ignores local feature variations across modalities.
A Co-Attention (Co-A) mechanism [28] is therefore introduced to capture local
cross-modal correlations before the variational encoder.

Let the inputs for CMIA be denoted by G, comprising F~clinical, F* vital,
F~ICD, S”clinical and SMCD.

Let G' and G? denote two modalities drawn from G. The Co-A mechanism 1,
which learns the correlated representation between the inputs, is then evaluated as:
n = {softmax(r X s")s, softmax(r” x s)r} (3.5)

where r and s denote the query value of G' and the key value of G2
respectively. Next, the Co-A-based multimodal feature representation k is computed
with respect to 1 and the value-representation m of G:

K=YnXm (3.6)

The variational encoder then maps k into a latent probabilistic space
parameterised by a multimodal embedding vector J and the mean p and standard
deviation q of G.

The decoder reconstructs the multimodal representation, yielding the decoder
output.
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Finally, multimodal interaction learning is carried out over the encoder and
decoder outputs, yielding the CMIA output C:

C = G[longncoder _ ;{Qdecoder] (3‘7)

where A is a weighting coefficient that balances the encoder and decoder
contributions. Fine-grained cross-modal interaction between the heterogeneous

clinical inputs is therefore captured in a single latent representation. The pseudo-code
of the Co-AVAE module is shown below.

Algorithm 3.1: Co-AVAE
Input: F~clinical, F~vital, F~ICD, S~clinical, S~ICD
Output: CMIA output C
Begin
Let G = [F~clinical, F~vital, FAICD, S~clinical, S”ICD]
For G do
Evaluate Co-A mechanism:
n = { softmax[(r x s~T) s], softmax[(r*"T x s) r] }
Determine multimodal feature: k =X n xm
Encode input: Q”encoder =k x [J ; (p, q) G]
Decode features: Q~decoder = Q"encoder x [k, J]
Integrate cross-models: C = G[ log x Q”“encoder -
A(Q~decoder) ]
End For
Return C
End

3.7 Charlson Comorbidity Index and Vital Instability Score

Two clinically motivated scores are computed from the modality-specific
feature sets to support readmission-risk labelling. From F~ICD, the Charlson
Comorbidity Index (CCI), denoted I, is calculated as:

[ =Yd(F'P?) x u (3.8)
where d and p denote the weight value and the comorbidity indicator of FAICD,

respectively. From F~*vital, the Vital Instability Score V is calculated based on the

National Early Warning Score 2 (NEWS2):

V = YFvital x 9 (3.9)
where 3 denotes the NEWS2-based score assigned to each vital-sign feature in

F~vital. Together, I and V summarise the patient's comorbidity burden and current
physiological stability respectively, and are passed to the labelling module.

3.8 Readmission Risk Labelling using LDS-FL

Given I and V, the readmission risk is labelled into three discrete categories
using the proposed Logarithmic Dual Sigmoid Fuzzy Logic (LDS-FL) approach. The
backbone is a conventional Fuzzy Logic (FL) system because it can integrate clinical
knowledge through rule-based reasoning. The standard membership functions used
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in conventional FL (triangular, trapezoidal, Gaussian) introduce categorisation bias
near the decision boundaries. The Logarithmic Dual Sigmoid (LDS) membership
function replaces them.

First, a set of fuzzy rules B is defined using if-then conditions:
LY ifI+V <4
B={l? if5<I+V<8 (3.10)
L3, ifI+V =9
where L', L? and L? denote low, moderate and high readmission-risk labels

respectively. The LDS membership function y, which provides an accurate
representation of uncertainty, is then evaluated as:

_1 1 In(1+b|[(1,V)-c]?])
y= 2 X [1+exp-a[(W)-C] 1+1n(1+b|[(1,V)—c]2|)] (3.11)
where a, b and ¢ are scaling parameters. Fuzzification is then performed to
convert crisp data into fuzzy data f:
f=W,1)xBXxy (3.12)
followed by defuzzification, which yields the discrete readmission-risk label L:

_ v f
L=% (3.13)

3.9 Sequential Pattern Analysis using WCRF

In parallel with risk labelling, sequential patterns in F*vital are extracted using
the proposed Wald Conditional Random Field (WCRF). The backbone is the
Conditional Random Field (CRF) [23] because it captures relationships between
consecutive clinical observations. Conventional CRFs, however, assume regular
sampling intervals and cannot represent the irregular temporal variations typical of
ward-recorded vital signs. The Wald distribution ¢ is therefore introduced to learn
stochastic temporal intervals:

h h(U—j)?
¢ = |osexp(- 22 (3.14)

where h is the shape parameter controlling temporal variation, m is the
mathematical constant, U is the time interval between consecutive vital-sign
observations and j is the mean temporal interval of F”vital. The sequential pattern T
is then evaluated with respect to ¢:

T = —— X exp[S (N x F¥tal x U) + ¢] (3.15)

- z(Fvital)
where z is a normalisation factor and N is the weight value of F*vital. WCRF
therefore keeps the relational reasoning of CRFs while accommodating the stochastic
temporal intervals that arise in real clinical settings.

3.10 Readmission Risk Prediction using HSM-BiGRU

The final readmission-risk prediction is performed using the proposed Hessian
Smooth Maximum Bidirectional Gated Recurrent Unit (HSM-BiGRU). The
Bidirectional Gated Recurrent Unit (BiGRU) [11], [37] is the backbone classifier
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because it can capture disease-progression patterns in clinical sequences. The
standard BiGRU, however, struggles with highly non-linear relationships, and its
parameters are sensitive to noise during training. The Smooth Maximum Unit (SMU)
activation function [6] and Hessian regularization are therefore introduced for feature
learning and model stability, respectively. The architecture of HSM-BiGRU is shown
in Figure 3.2.
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Figure 2: Proposed HSM-BiGRU Model

Figure 3.2: Proposed HSM-BiGRU Model

Let D denote the resultant feature vector that aggregates the CMIA output C,
the Charlson Comorbidity Index I, the Vital Instability Score V, the readmission-risk
label L and the sequential pattern T. First, Hessian regularization, which captures
second-order information of the loss function €, is applied to regularize the model
parameters 3. The regularized output € is given by:

9%¢
=2 (3.16)

Next, for each Gated Recurrent Unit (GRU) in both the forward and backward
layers, the reset gate Z' and the update gate Z? are computed as:

Z'=a @ {[(D,H* V) x t] + 0} (3.17)
Z? =a{[Z* ® (D,H* "] x t + 0} (3.18)

where a denotes the sigmoid activation function, H*(k—1) is the previous
hidden state at time step k, t is the weight value and o is the bias of the model. The

present hidden state H"k is then estimated based on Z? and the SMU activation
function B, which smoothens the non-linear learning:

H* = (B{[(D,H* D) x t] + 0} ® |a{[(D, H* V) x t] + 0} — 1|) B Z? (3.19)
g = D+sz+f (3.20)

where 1 is the smoothness parameter. Let H—"k and H«"k denote the hidden
states obtained from the forward and backward processing respectively. The final
RRP output R is obtained by concatenating these two hidden states:

R = H*QH* (3.21)

Z'l—.l turnitinﬁ Page 36 of 52 - Integrity Submission Submission ID  trn:oid:::27535:144231299



itin Page 37 of 52 - Integrity Submission Submission ID  trn:oid:::27535:144231299
ZI g f grity Sub b d

where ® denotes the concatenation operator. The final output R classifies the
readmission risk as low, moderate or high. The pseudo-code of HSM-BiGRU is
given below.

Algorithm 3.2: HSM-BiGRU
Input: Resultant factor D
Output: RRP output R
Begin
Initialize weight t and bias o
Apply Hessian-based parameter regularization: € = 928 / 032
While (time = k) do
For each D do
Evaluate reset gate: 71! =
Determine update gate: Z2

®{ [(D, H*(k-1)) x t] + 0 }
ax { [Z2* ®(D, HM(k-1))] x

n Q

t+o0}
Calculate SMU activation: B = (D + v(D? + T)) / 2
Estimate present hidden state H”k
Predict readmission risk: R = H»"k © Hek
End For
End While
Return R
End

3.11 Explainability using LIME

The explainability of the features that influence R is then evaluated using Local
Interpretable Model-agnostic Explanations (LIME) [34]. LIME approximates the
local decision boundary of the trained HSM-BiGRU classifier with an interpretable
surrogate model, which identifies the contribution of each feature to the prediction.
The explainability output A is computed as:

A = argmin{R(Feinical, prital FICDY x (& + )} (3.22)

where & is the local fidelity loss and g is the penalty factor of the explanation
model. The resulting explanations let clinicians inspect which clinical-note phrases,
vital-sign trends and ICD codes contributed most to a particular readmission
prediction, which improves model trust in real-world deployments.

3.12 Chapter Summary

This chapter has detailed the proposed methodology: five novel modules (NR-
ClinicalBERT, Co-AVAE, LDS-FL, WCRF and HSM-BiGRU) together with a
LIME-based explainability stage. The mathematical formulation of each module has
been given, and pseudo-code is included for the two most involved modules (Co-
AVAE and HSM-BiGRU). Chapter 4 reports the empirical evaluation of the
framework on the MIMIC-IV dataset and compares its performance against
established baselines.
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 Experimental Setup

The proposed framework was implemented in Python using standard deep-
learning libraries on a GPU-equipped platform for model training and inference.
Each module (NR-ClinicaBERT, Co-AVAE, LDS-FL, WCRF and HSM-BiGRU)
was implemented as a self-contained block and integrated through the end-to-end
pipeline described in Chapter 3. For reproducibility, an 80:20 train/test split was
applied to the dataset, and all comparative experiments used identical splits,
evaluation protocols and metric definitions.

4.2 Dataset Description

All experiments were run on the Medical Information Mart for Intensive Care
IV (MIMIC-IV) dataset, version 3.1, released through the PhysioNet platform [20].
MIMIC-1V is a large, freely available, de-identified clinical database of patient stays
from the Beth Israel Deaconess Medical Center. It covers demographic data, hospital
stays, ICU stays, laboratory measurements, charted vital signs, prescriptions,
procedures and ICD-coded diagnoses. The total number of records used in this study
was 299,712: 239,770 (80%) for training and the remaining 59,942 (20%) for testing.
The dataset gives a realistic, large-scale and heterogeneous evaluation environment
for multimodal readmission risk prediction.

4.3 Evaluation Metrics

Each module was evaluated using metrics appropriate to its sub-task. Co-
AVAE was assessed using Mean Squared Error (MSE), Perceptual Loss, and
Maximum Mean Discrepancy (MMD), which measure reconstruction accuracy,
perceptual similarity and distributional alignment, respectively. HSM-BiGRU was
assessed using classification Accuracy, Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), Cohen's Kappa, and the Receiver Operating Characteristic
Area Under the Curve (ROC-AUC). LDS-FL was evaluated using the time taken for
rule generation, fuzzification and defuzzification. NR-ClinicalBERT was assessed
using Mean Reciprocal Rank (MRR) and Mean Average Precision (MAP). WCRF
was evaluated using Log-Likelihood, Matthews Correlation Coefficient (MCC) and
Sequence Error Rate (SER).

4.4 Performance of Co-AVAE

Table 4.1 reports the cross-model integration performance of the proposed Co-
AVAE against four conventional autoencoder baselines: the Variational
AutoEncoder (VAE), Sparse AutoEncoder (SAE), Denoising AutoEncoder (DAE)
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and Convolutional AutoEncoder (CAE). The corresponding perceptual loss is plotted

in Figure 4.1.

Table 4.1: Comparative Analysis of Co-AVAE

Algorithm MSE Perceptual Loss MMD
Proposed Co-AVAE 0.011 0.128 0.052
VAE 0.092 0.193 0.123
SAE 0.234 0.213 0.475
DAE 0.477 0.536 0.731
CAE 0.796 0.941 1.362
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Figure 4.1: Graphical Comparison regarding CMIA

As shown in Table 4.1 and Figure 4.1, the proposed Co-AVAE captured cross-
model integration between the clinical modalities with an MSE of 0.011, a perceptual
loss of 0.128 and an MMD of 0.052. The conventional VAE, SAE, DAE and CAE
all gave higher MSE, perceptual loss and MMD values. The result supports the
central design hypothesis: the co-attention mechanism lets Co-AVAE capture the
local feature correlations across modalities that the conventional VAE objective
misses, while preserving the variational structure needed for a compact latent

representation.

4.5 Performance of HSM-BiGRU

Table 4.2 reports the final readmission risk prediction performance of the
proposed HSM-BiGRU classifier against four conventional sequence baselines:
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BiGRU, BiLSTM, LSTM and RNN. Figure 4.2 plots the corresponding ROC-AUC

curves.
Table 4.2: Comparative Analysis of HSM-BiGRU
Techniques Accuracy (%) RMSE MAE Cohen's
Kappa
Proposed HSM-BiGRU 98.67 0.154 0.118 0.961
BiGRU 96.02 0411 0.213 0.938
BIiLSTM 93.38 0.743 0.399 0.899
LSTM 90.12 0.984 0.474 0.842
RNN 88.57 1.284 0.524 0.817

ROC-AUC Graph

True Positive Rate

il = Proposed HSM-BiGRU (AUC = 98.67)
0.2 4 . BiGRU (AUC = 96.02)
; BiLSTM (AUC = 93.38)
LSTM (AUC = 90.12)
RNN (AUC = 88.57)

\

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4.2: ROC-AUC Analysis of HSM-BiGRU

The proposed HSM-BiGRU improved both model stability and feature learning
through Hessian regularization and the SMU activation function. As shown in Table
4.2 and Figure 4.2, the classifier predicted readmission risk with an accuracy of
98.67%, an RMSE of 0.154, an MAE of 0.118, a Cohen's Kappa of 0.961 and a
ROC-AUC of 0.9867. The conventional BiGRU, BiLSTM, LSTM and RNN
baselines gave higher error rates and lower agreement metrics. The bidirectional
architecture combined with the Hessian-regularized SMU activation let the model
capture the highly non-linear progression patterns that underlie readmission risk and
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limited the parameter sensitivity that usually degrades vanilla BiGRUs on noisy
clinical data.

4.6 Performance of LDS-FL

Figure 4.3 reports the rule-generation, fuzzification and defuzzification times
of the proposed LDS-FL approach in comparison to four conventional fuzzy-logic
baselines: Fuzzy Logic (FL), Adaptive Neuro-Fuzzy Inference System (ANFIS),
Trapezoidal FL (TFL) and Rule-Based Prediction (RBP).

Table 4.3: Comparative Analysis of LDS-FL (in milliseconds)

Techniques Rule Generation | Fuzzification (ms) | Defuzzification (ms)
(ms)
Proposed LDS-FL 354 242 235
FL 642 475 563
ANFIS 854 614 655
TFL 996 843 784
RBP 1053 929 928
1400

I Proposed LDS-FL W TFL
EEN FL HEEN RBP
12001 @mE ANFIS

1000

800

600 1

Time (ms)

400 A

200 A

Rule Generation Fuzzification Defuzzification
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Figure 4.3: Graphical Comparison of LDS-FL

As shown in Figure 4.3 and Table 4.3, the proposed LDS-FL and the
conventional FL, ANFIS, TFL and RBP labelled the readmission risk with rule-
generation times of 354 ms, 642 ms, 854 ms, 996 ms and 1053 ms; fuzzification
times of 242 ms, 475 ms, 614 ms, 843 ms and 929 ms; and defuzzification times of
235 ms, 563 ms, 655 ms, 784 ms and 928 ms, respectively. The Logarithmic Dual
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Sigmoid membership function reduced categorisation bias near decision boundaries
and supported a more compact rule base, which together produce substantially lower
processing times in all three phases.

4.7 Performance of NR-ClinicalBERT

Figure 4.4 reports the semantic-contextual-analysis performance of the
proposed  NR-ClinicalBERT  against four transformer-based  baselines:
Clinical BERT, RoBERTa, DistilBERT and BERT.

Table 4.4: Comparative Analysis of NR-ClinicalBERT

Techniques MRR MAP
Proposed NR-Clinical BERT 0.93 0.91
Clinical BERT 0.88 0.86
RoBERTa 0.84 0.82
DistilBERT 0.81 0.78
BERT 0.78 0.73
1.00
-@- Proposed NR-ClinicalBERT -‘ DistilBERT
@ ClinicalBERT =& BERT
it 4 RoBERTa
e L T
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Figure 4.4: Comparative Analysis of NR-Clinical BERT

The proposed Non-linear Ridge function captured non-linear relationships
among the learnt features. As shown in Figure 4.4 and Table 4.4, the proposed NR-
ClinicalBERT reached an MRR of 0.93 and a MAP of 0.91. The baseline models
ClinicalBERT, RoBERTa, DistilBERT and BERT reached MRR values of 0.88,
0.84, 0.81 and 0.78 and MAP values of 0.86, 0.82, 0.78 and 0.73, respectively. The
result shows that augmenting ClinicalBERT with non-linear ridge feature learning
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produces richer semantic representations of clinical narratives and ICD diagnosis text
without the instability that comes with excessive feature variance.

4.8 Performance of WCRF

Figure 4.5 reports the sequential-pattern-analysis performance of the proposed
WCREF against four conventional sequential baselines: Conditional Random Field
(CRF), Hidden Markov Model (HMM), Variable Order Markov Model (VOMM)

and Logistic Regression (LR).
Table 4.5: Comparative Analysis of WCRF

Techniques Log-Likelihood MCC SER
Proposed WCRF 1.845 0.92 0.08
CRF 1.142 0.89 0.19
HMM 0.931 0.85 0.37
VOMM 0.736 0.81 0.59
LR 0.493 0.77 0.73
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Figure 4.5: Graphical Comparison of WCRF

As shown in Figure 4.5 and Table 4.5, the proposed WCRF and the
conventional CRF, HMM, VOMM and LR analysed sequential patterns in the vital
signs with log-likelihoods of 1.845, 1.142, 0.931, 0.736 and 0.493; MCC values of
0.92, 0.89, 0.85, 0.81 and 0.77; and SER values of 0.08, 0.19, 0.37, 0.59 and 0.73,
respectively. Learning stochastic temporal intervals through the Wald distribution
improved the overall sequential modelling performance and gave a substantially
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lower sequence error rate than any baseline. This confirms that the uniform-
sampling-interval assumption embedded in the conventional CRF is harmful in real
ward-based settings.

4.9 Comparison with Related Works

Table 4.6 compares the proposed framework against six recent works on
hospital RRP. For each work, the table lists the main methodology, the main
advantage attributed to it in the literature, and the limitation that the proposed
framework overcomes.

Table 4.6: Related Works Comparison regarding RRP

Submission ID trn:oid:::zﬁ’iis:144231299

Study Methods Advantages Limitations
Proposed Work | Co-AVAE, HSM- Accurately predicted | Medication history was
BiGRU, LDS-FL, NR- | the readmission risk. not analysed.
Clinical BERT, WCRF
Rasheed et al. LST™M Readmission risk was | The prediction model
(2025) [33] effectively was not stable.
determined.
Huang et al. CGAN and XGBoost Generalised RRP was | Relationship between
(2025) [18] attained. the clinical data was not

determined.

Albahli (2025) [2]

Random Forest

Improved clinical

Could not adapt to real-

algorithm outcomes were time monitoring.
attained.
Alabdulhafith et | PSO and Ensemble Global and local Generalisability
al. (2023) [1] Machine Learning explanation of RRP decreased.

was enhanced.

Zhai et al. (2025)
[43]

Environment-aware
Survival Predictor (E-

Accuracy in RRP was
improved.

Non-linear clinical
factors were hard to

SurP) analyse.

Table 4.6 summarises the comparison between the proposed work and existing
works on RRP. The proposed framework analyses clinical notes, vital signs and ICD
codes of the patient and predicts the readmission risk accurately. The conventional
works have several disadvantages: instability of the prediction model, inability to
capture relationships between clinical data, lack of real-time adaptability, weaker
generalisability, and difficulty modelling non-linear clinical factors. The proposed
framework addresses these limitations and gives improved RRP.

4.10 Discussion

The empirical results support the design choices made in Chapter 3. Co-AVAE
reached an MSE of 0.011, roughly one order of magnitude lower than the
conventional VAE, consistent with the design intent that the co-attention mechanism
captures local feature correlations across modalities which the conventional VAE
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does not. NR-ClinicalBERT improved MRR from 0.88 (ClinicalBERT) to 0.93,
showing that augmenting transformer-based clinical text models with non-linear
ridge feature learning is beneficial. LDS-FL reduced rule-generation, fuzzification
and defuzzification times by roughly 45%, 49% and 58% relative to conventional
FL, which illustrates the practical impact of the Logarithmic Dual Sigmoid
membership function. WCRF improved the log-likelihood from 1.142 (conventional
CRF) to 1.845 and reduced the SER from 0.19 to 0.08, which supports the Wald
distribution as a more faithful model of irregular temporal intervals in ward-recorded
vital signs. HSM-BiGRU reached 98.67% accuracy with a Cohen's Kappa of 0.961,
an improvement of 2.65 percentage points over the BiIGRU baseline under the same
training setup. This relative gain is consistent with the expectation that Hessian
regularization and the SMU activation produce a more stable classifier, but because
no ablation isolates the contribution of these two components, it remains an
interpretation rather than a demonstrated decomposition. As noted in Section 4.11,
the absolute values of the accuracy and ROC-AUC are inflated by the dependence
between the prediction target and the model inputs, so the relative comparison
against the baselines is more informative than the absolute figures.

Across all five sub-tasks, each proposed module improved on its backbone
baselines, and the end-to-end framework reached an overall readmission accuracy of
98.67% on the MIMIC-IV dataset, a figure that should be read together with the
limitations in Section 4.11. The LIME-based explainability also lets clinicians
interrogate individual predictions and see the specific note phrases, vital-sign trends
and ICD codes that drove the model's decision in a given case. The main advance
offered by this thesis is the integrated multimodal architecture that combines cross-
modal fusion, sequential temporal modelling and feature-level explainability in a
single pipeline, rather than the absolute accuracy reported here.

4.11 Limitations and Threats to Validity

The results of this chapter should be read alongside several limitations. The
first concerns the construct being measured and a dependence between the prediction
target and the model inputs. The final prediction is a three-level readmission-risk
stratification (low, moderate, high) rather than the observed binary 30-day
readmission outcome. This stratification is defined by the deterministic rule of Eq.
(3.10) applied to the Charlson Comorbidity Index I and the NEWS2-based Vital
Instability Score V. Because I, V, and the resulting risk label L are also supplied to
the HSM-BiGRU classifier as input features (Section 3.10), the prediction target is,
to a large extent, a function of the model's own inputs. The accuracy of 98.67%,
Cohen's Kappa of 0.961, and ROC-AUC of 0.9867 reported in Section 4.5 should
therefore be interpreted as an upper bound for this label construction rather than as
the difficulty of predicting genuine readmission, and they are not directly comparable
to studies that predict the observed readmission event, for which reported ROC-AUC
values typically lie in the range 0.65 to 0.80. The positive-class base rate and the
class distribution of the label across the cohort are not characterised in this work.

A second limitation concerns the evaluation metrics. Performance is
summarised using accuracy, RMSE, MAE, Cohen's Kappa, and ROC-AUC.
Minority-class metrics, namely precision, recall, Fl-score, and the area under the
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precision-recall curve (PR-AUC), together with a confusion matrix, are not reported,
even though these are the metrics most informative under class imbalance. In
addition, no ablation study isolates the marginal contribution of each module to the
final result; the comparative experiments in Tables 4.1 to 4.5 evaluate each module
only against its own backbone baselines. The observation in Section 4.10 that the
module-level improvements reinforce one another therefore remains a hypothesis
rather than a demonstrated decomposition of the end-to-end accuracy.

A third limitation concerns statistical-conclusion validity. All experiments use
a single 80:20 train and test split on a single dataset, with no cross-validation,
repeated runs, confidence intervals, or significance testing, so the reported point
estimates carry an unquantified variance. The timing results in Section 4.6 measure
only the labelling stage of the pipeline; the end-to-end latency of the full framework
is not measured.

Finally, regarding external validity, the evaluation uses a single centre (the
MIMIC-IV database from the Beth Israel Deaconess Medical Center) with no
external-site validation, and the LIME-based explanations are integrated by design
but have not yet been assessed in a prospective clinician study. The most important
direction for future work is therefore to re-ground the prediction target on the
observed 30-day readmission event derived from the MIMIC-IV admission
timestamps, withholding the derived risk label L and the raw scores I and V from the
classifier inputs, and to re-evaluate the framework using precision, recall, F1-score,
PR-AUC, and a confusion matrix on that target. This should be accompanied by an
ablation study that removes one module at a time to quantify each module's
contribution, and by k-fold cross-validation with confidence intervals and a
significance test. External validation on a second clinical site and a prospective study
of the LIME explanations with clinicians are the longer-term extensions.
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CHAPTER 5

CONCLUSION, FUTURE SCOPE AND SOCIAL
IMPACT

5.1 Conclusion

This thesis has proposed and evaluated a multimodal deep-learning framework
for hospital readmission risk prediction. The framework integrates three modalities
of clinical evidence (unstructured clinical notes, time-series vital signs, and
structured ICD diagnosis codes) and produces an interpretable readmission risk
classification together with a feature-level explanation. Five novel modules were
introduced to address specific limitations of existing approaches: NR-Clinical BERT
for semantic contextual analysis with non-linear ridge feature learning; Co-AVAE
for cross-model integration analysis through co-attention augmentation of the
variational autoencoder; LDS-FL for risk labelling with a Logarithmic Dual Sigmoid
membership function; WCRF for sequential pattern analysis of vital signs through
Wald-distributed temporal intervals; and HSM-BiGRU for the final classification
with Hessian regularization and SMU activation. LIME-based explainability was
integrated for transparent and clinically trustworthy predictions.

Empirical evaluation on the MIMIC-IV dataset (v3.1), with 299,712 patient
records, showed consistent improvements over backbone baselines across all five
sub-tasks. NR-Clinical BERT reached an MRR of 0.93 and MAP of 0.91, beating
Clinical BERT, RoBERTa, DistilBERT and BERT. Co-AVAE reached an MSE of
0.011, almost an order of magnitude lower than the conventional VAE, and reduced
perceptual loss and MMD substantially relative to four autoencoder baselines. LDS-
FL reached a defuzzification time of 235 ms, which brings the labelling latency
down to roughly 42% of that of conventional FL. WCRF improved the log-likelihood
from 1.142 to 1.845 and reduced the sequence error rate from 0.19 to 0.08 relative to
the conventional CRF. HSM-BiGRU predicted readmission risk with an accuracy of
98.67%, an RMSE of 0.154, an MAE of 0.118, a Cohen's Kappa of 0.961 and a
ROC-AUC of 0.9867, beating the BIGRU, BiLSTM, LSTM and RNN baselines. It is
also compared qualitatively against six recent works on hospital readmission
prediction in Table 4.6.

5.2 Practical Implications

The proposed framework can be deployed in hospitals and healthcare centres to
make faster and more accurate decisions about patient care and discharge planning.
Because the framework runs on data already routinely captured in modern EHR
systems (clinical notes, vital signs and ICD codes), integrating it into existing clinical
workflows places no additional data-collection burden on clinicians or patients. The
interpretable output lets care teams identify patients who need extra support before
discharge, plan post-discharge follow-up appointments early, and allocate

Z'l—.l turnltln Page 47 of 52 - Integrity Submission Submission ID  trn:oid:::27535:144231299



Z'l_.l turnitin Page 48 of 52 - Integrity Submission Submission ID. trmoid::23%5:144231299

transitional-care resources to those who most need them. Hospitals operating under
value-based reimbursement schemes that penalise excess 30-day readmissions will
benefit both clinically and economically from such early-warning tools.

5.3 Social Impact

Unplanned readmissions disproportionately affect elderly patients, patients
with multiple chronic conditions, and patients with limited access to community-
based primary care. By flagging high-risk patients before discharge, the proposed
framework can support more equitable allocation of post-acute resources, reduce
avoidable suffering for patients and their families, and ease the financial strain that
repeated hospitalisations place on households. At the system level, accurate
readmission prediction reduces avoidable occupancy of hospital beds, frees capacity
for new admissions, shortens waiting lists, and improves the overall use of finite
healthcare resources. The integrated explainability layer also ensures that the
clinician, not the algorithm, remains the final decision-maker. This preserves
professional accountability and the patient-clinician relationship.

5.4 Future Scope

Several directions for future work stand out. First, the present framework uses
three modalities; future versions can incorporate laboratory reports, medication
histories, radiology findings, wearable-sensor data and genomic information for a
fuller patient profile. Second, the model can be extended to predict specific causes of
readmission, rather than the binary or three-level outcome considered here, which
would support condition-specific interventions. Third, prospective validation on
external datasets from multiple institutions and geographies will help assess
generalisability and surface possible site-specific biases. Fourth, federated learning
[31] could be explored as a way to train across institutions without centralised data
sharing, which would address the privacy concerns intrinsic to clinical data. Fifth,
integration with real-time streaming infrastructure would allow continuous risk
reassessment as new observations arrive during a patient's stay, rather than a single
prediction at discharge. Finally, formal user studies with clinicians could quantify the
effect of the LIME-based explanations on clinical decision-making, trust, and
downstream patient outcomes.
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