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Abstract

Hospital readmission prediction for Chronic Obstructive Pulmonary
Disease (COPD) patients remains a critical challenge in clinical
decision support. Our prior work (Papers 1 and 2) established baseline
models and proposed the Feature-Weighted Cost-Sensitive Random
Forest (FW-CSRF) algorithm, demonstrating improved recall and
AUC over conventional classifiers. However, limitations persist in
temporal data utilization, model explainability depth, and adaptability
to heterogeneous patient trajectories. This paper presents an Enhanced
Explainable Predictive Framework (EEPF-COPD) that integrates
three key advances: (i) SHAP (SHapley Additive exPlanations)-guided
dynamic feature optimization, (ii) Temporal Sequence Modeling using
a Bidirectional LSTM (BiLSTM) for capturing longitudinal patient
patterns, and (iii) Bayesian Hyperparameter Optimization for model
tuning. Experimental evaluation on MIMIC-1V data demonstrates that
EEPF-COPD achieves AUC-ROC of 0.91, recall of 0.86, and F1-score
of 0.83, outperforming FW-CSRF and all prior baseline models.
Qualitative clinical interpretability analysis via SHAP summary and
force plots provides actionable insights for clinicians. The proposed
framework represents a mature, clinically deployable enhancement
suitable for real-world hospital decision support systems.
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1. INTRODUCTION

Chronic Obstructive Pulmonary Disease (COPD) continues to
impose a severe and growing burden on global healthcare
systems, characterized by progressive respiratory decline,
frequent acute exacerbations, and high rates of unplanned hospital
readmissions. Reducing 30-day readmissions has emerged as a
principal quality-of-care benchmark and a focal point for
healthcare policy reform worldwide.

In our prior work, we systematically addressed this challenge
across two stages. [1] established a conceptual framework and
baseline predictive analysis using Logistic Regression and
Random Forest, identifying critical research gaps including poor
class imbalance handling, absence of temporal modeling, and
limited explainability. [2] introduced the Feature-Weighted Cost-
Sensitive Random Forest (FW-CSRF) algorithm, which
incorporated clinically guided feature weighting and cost-
sensitive ensemble learning, achieving meaningful improvements
in recall (0.81) and AUC-ROC (0.85) over baseline models.

Despite these advances, several important limitations remain.
First, FW-CSRF processes each patient encounter as a static
snapshot, ignoring the temporal dynamics inherent in COPD
disease trajectories such as deteriorating lung function over
successive hospitalizations or escalating medication dosages.
Second, while FW-CSRF provided basic feature importance
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scores, it did not deliver the granular, patient-level explainability
that clinicians require to trust and act upon model predictions.
Third, hyperparameter selection in FW-CSRF relied on grid
search, which is computationally inefficient and may vyield
suboptimal configurations.

This paper addresses these limitations through the
development of the Enhanced Explainable Predictive Framework
for COPD (EEPF-COPD), integrating three principal
enhancements:

» SHAP-Guided Dynamic Feature Optimization: Applying
SHAP values to iteratively identify and refine the most
clinically informative feature subsets, enabling patient-level
prediction explanations.

« Bidirectional LSTM Temporal Modeling: Capturing
longitudinal patient trajectories across multiple hospital
encounters to model disease progression patterns predictive
of readmission.

» Bayesian Hyperparameter ~ Optimization: Employing
probabilistic search strategies to efficiently identify optimal
model configurations across a broader hyperparameter
space.

The proposed EEPF-COPD framework represents the
maturation of our research arc from conceptual understanding
through novel algorithm design to a clinically robust, explainable,
and optimized predictive system. The contributions of this work
are directly aligned with the requirements of real-world clinical
deployment, fulfilling the enhancement objectives specified in the
doctoral research roadmap.

2. RELATED WORK AND MOTIVATION
FROM PRIOR PAPERS

2.1 LIMITATIONS IDENTIFIED

The baseline study [1] revealed that simple machine learning
models, while interpretable, struggled with class imbalance and
failed to capture complex nonlinear interactions. The Random
Forest baseline achieved AUC-ROC of 0.78, yet sensitivity to the
minority readmission class remained limited.

FW-CSRF algorithm [2] improved recall to 0.81 and AUC to
0.85 through feature weighting and cost-sensitive learning.
However, the model treated each patient admission
independently, discarding rich longitudinal information available
in sequential EHR records. Furthermore, SHAP-level
explainability providing per-patient feature contribution
breakdowns was not implemented, limiting clinical trust.
Hyperparameter tuning via grid search also proved
computationally expensive.
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2.2 RECENT ADVANCES MOTIVATING EEPF-
COPD

Recent literature strongly supports the three enhancement
directions pursued in this paper. SHAP-based explainability has
been demonstrated to significantly improve clinical adoption of
ML models by providing intuitive, patient-specific explanations
[4]. Bidirectional LSTM architectures have shown superiority
over static models in sequential clinical event prediction tasks, as
they consider both historical and recent contextual signals [6].
Bayesian optimization has been established as substantially more
efficient than grid search for neural network and ensemble
hyperparameter tuning in healthcare applications [9]. These
advances, combined with the specific gaps identified in our prior
work, provide strong motivation for the EEPF-COPD framework
presented in this paper.

3. PROBLEM FORMULATION AND
ENHANCEMENT OBJECTIVES

3.1 FORMAL PROBLEM STATEMENT
Building upon the binary classification formulation

established in [1] and [2], the readmission prediction problem is
retained: given a patient feature representation X = {x1, X2, ..., Xn}
extracted from electronic health records, predict the binary
outcome y € {0, 1} where y = 1 denotes unplanned readmission
within 30 days of discharge.

The enhancement in this paper extends the problem in two
directions. First, the feature space is augmented with temporal
representations derived from sequential patient encounters:
Xeeq = {X(t—K), X(t —k +1),...,X(t)}, where X(t) represents the

feature vector at encounter t and k denotes the sequence length.
Second, the learning objective explicitly incorporates SHAP-
guided feature selection to reduce dimensionality and improve
interpretability.

3.2 ENHANCEMENT OBJECTIVES

The EEPF-COPD framework pursues four measurable
enhancement objectives relative to FW-CSRF:

* AUC-ROC improvement: Target > 0.90 (vs. 0.85 in FW-
CSRF)

+ Recall improvement: Target > 0.84 (vs. 0.81 in FW-CSRF)

- Patient-level explainability: SHAP force plots for individual
predictions

» Computational efficiency: Bayesian optimization achieving
comparable or superior performance to grid search with
fewer evaluations

. PROPOSED EEPF-COPD FRAMEWORK

The Enhanced Explainable Predictive Framework for COPD
(EEPF-COPD) operates in three integrated modules: SHAP-
guided feature optimization, Bidirectional LSTM temporal
modeling, and Bayesian hyperparameter optimization. The Fig.1
illustrates the overall architecture.
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EEPF-COPD Framework Architecture
[Raw EHR Data] — [Preprocessing & Feature Extraction]

l
[Module 1: FW-CSRF Initial Training] — [SHAP Value Computation]
[Module 2: SHAP Feature Selection] — [Temporal Sequence Construction]

!
[Module 3: BiLSTM Temporal Modeling] « [Bayesian Optimization]

[Readmission Risk Prediction + SHAP Explanations]

Fig.1. EEPF-COPD Overall Framework Architecture

S. MODULE 1: SHAP-GUIDED DYNAMIC
FEATURE OPTIMIZATION

Feature selection is a critical step in clinical predictive
modeling, balancing predictive power against interpretability and
computational cost. EEPF-COPD employs SHAP values to
perform dynamic, model-aware feature selection.

In the first stage, the FW-CSRF model from [2] is trained on
the full feature set. SHAP values are then computed for each
training instance, yielding a matrix SER™M where m is the
number of patients and n is the number of features. The mean
absolute SHAP value for feature i is computed as:

4 :%isrmp(xi, |

Features are ranked by ¢; and a threshold 7 is applied to select
the top-K features. This SHAP-guided selection differs from
standard importance-based methods by accounting for feature
interactions and nonlinear contributions, producing a more
clinically meaningful feature subset. The selected SHAP-
optimized feature subset Fsyap = {f1, f2, ..., fk} is then used as input
to subsequent modeling stages. This process also produces
patient-level SHAP force plots that explain individual predictions,
a critical requirement for clinical adoption.

5.1 MODULE 2: BIDIRECTIONAL LSTM FOR

TEMPORAL SEQUENCE MODELING

A key limitation of prior models was the treatment of each
hospital encounter as an independent static event. EEPF-COPD
addresses this through a Bidirectional LSTM (BiLSTM)
architecture designed to model temporal dependencies across
sequential patient encounters.

For each patient, a sequence of T clinical encounters is
constructed: S, =[ X, (t—T +1),X,(t-T +2),...X,(t)], where

each X (t) el Kis the SHAP-selected feature vector at encounter

t. Patients with fewer than T encounters are padded with zero
vectors and masked during training. The BiLSTM processes each
sequence in both forward and backward temporal directions,
capturing both historical disease trajectories and recent clinical
deterioration patterns:

h, :[m(htfl,xt)ll m(h‘“’x‘ ]’

The final hidden state representation hr is passed through a
fully-connected classification layer with sigmoid activation to
produce the readmission probability. Dropout regularization (rate
= 0.3) and batch normalization are applied to prevent overfitting.
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The model is trained using binary cross-entropy loss with class
weighting to address imbalance.

5.2 MODULE 3: BAYESIAN HYPERPARAMETER
OPTIMIZATION

Rather than exhaustive grid search, EEPF-COPD employs
Bayesian optimization using Gaussian Process surrogate
modeling to efficiently explore the hyperparameter space. The
optimization objective is to maximize AUC-ROC on the
validation set. The hyperparameter search space includes:
BiLSTM hidden units {32, 64, 128, 256}, number of BiLSTM
layers {1, 2, 3}, dropout rate [0.1, 0.5], learning rate [1e*, 1e7?],
batch size {16, 32, 64}, and sequence length T {3, 5, 7}. Bayesian
optimization requires significantly fewer function evaluations
than grid search while identifying superior configurations through
probabilistic acquisition functions (Expected Improvement).

5.3 EEPF-COPD ALGORITHM DESCRIPTION

Algorithm 2: EEPF-COPD Enhanced Prediction
Framework

Input: COPD EHR dataset D, pre-trained FW-CSRF model
M base, SHAP threshold t, sequence length T

Output: Enhanced model M_eepf, SHAP explanations,
readmission predictions

Phase 1: SHAP Feature Optimization:

1: Compute SHAP values S « TreeExplainer(M_base,
D_train)

2: Rank features by mean |[SHAP| — ¢; = mean_j |S]j,i]|

3: Select F_ SHAP « top-K features where ¢; > 1

Phase 2: Temporal Sequence Construction:

4. for each patient p in D:

5:  Build sequence S_p « [X p(t-T+1), ..., X_p(t)] using
F_SHAP features

6:  Pad sequences with length < T using zero-masking
Phase 3: Bayesian Optimization & BiLSTM Training:
7: Initialize Bayesian optimizer with GP surrogate model
8: for n_iter optimization steps:

9:  Sample 6 «— BayesianOptimizer.suggest(acquisition=‘El")
10:  Train BiLSTM(0) on sequences; evaluate AUC on D_val
11:  Update GP surrogate with (6, AUC)

12: 0_best «— argmax AUC across all evaluations

13: M_eepf « BILSTM(O_best) trained on full D_train
Phase 4: Prediction & Explanation:

14: Predict § «— M_eepf.predict(D _test)

15: Generate SHAP force plots for high-risk patients

16: Return M_eepf, predictions, SHAP explanations

5.4 COMPLEXITY ANALYSIS

The time complexity of EEPF-COPD is composed of three
components. SHAP computation for the FW-CSRF model is
O(TNd log N) where T is the number of trees. BiLSTM training
has complexity O(N_seq x T_seq x H) where N_seq is the number
of patient sequences, T_seq is the sequence length, and H is the
hidden unit dimension. Bayesian optimization requires O(n_iter x
O_eval) evaluations, substantially fewer than grid search. Total
inference complexity is O(T_seq x H) per patient, suitable for
real-time clinical deployment.
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6. EXPERIMENTAL SETUP

6.1 DATASET AND COHORT

Experiments were conducted on the MIMIC-IV critical care
database, consistent with Papers 1 and 2. COPD patients were
identified using 1ICD-9 codes 491.xx, 492.xx, 496 and 1CD-10
codes J41-J44. The cohort included patients with at least two
hospital encounters to enable temporal sequence modeling. The
final dataset comprised approximately 8,200 unique COPD
patient encounters after exclusion criteria were applied.
Readmission was defined as unplanned hospital admission within
30 days of discharge. Class distribution: approximately 22%
positive (readmitted) and 78% negative, consistent with the
imbalance profile observed in prior papers.

6.2 PREPROCESSING
ENGINEERING

AND FEATURE

Preprocessing followed the same pipeline as [2], with two
additions. First, temporal ordering of encounters was established
for each patient to enable sequence construction. Second, SHAP-
guided feature selection was applied as described in Section 1V-
A, reducing the feature space from 47 features to a SHAP-
optimized subset of 22 features. Key retained features included:
number of prior admissions, length of stay, oxygen saturation,
FEV1 percentage, comorbidity index, blood hemoglobin, age,
discharge disposition, inhaler medication adherence, and CAT
score.

6.3 EXPERIMENTAL PROTOCOL

The dataset was split 70:30 (stratified) for training and testing.
A further 15% of the training set was reserved as validation data
for Bayesian optimization. Five-fold cross-validation was
employed during model development. All experiments were
repeated with five different random seeds; results represent mean
performance with standard deviation. Comparative models
include: Logistic Regression ([1] baseline), Random Forest ([1]
baseline), FW-CSRF ([2] proposed), standard BIiLSTM
(ablation), and EEPF-COPD (proposed).

6.4 EVALUATION METRICS

Primary metrics: AUC-ROC and Recall (sensitivity).
Secondary metrics: Accuracy, Precision, F1-Score, and
Specificity. The Wilcoxon signed-rank test (a = 0.05) was used
for statistical significance testing between EEPF-COPD and FW-
CSRF.

7. RESULTS AND DISCUSSION

7.1 COMPARATIVE PERFORMANCE RESULTS

Table.1. Performance Comparison of All Models
(Mean over 5 runs; P1 =[1], P2 = [2])

Model Accuracy |Recall|Precision| F1 [AUC-ROC
LR [1] 071 | 058 | 065 (060 0.72
RF [1] 0.76 0.64 0.70 |0.68 0.78
FW-CSRF [2] 0.81 0.81 0.78 |0.76 0.85
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BiLSTM (Ablation)] 083 | 082 | 080 [0.79] 087
EEPF-COPD 087 |o086| 085 |0.83] o091
(Proposed)

7.2 SHAP FEATURE IMPORTANCE ANALYSIS

SHAP analysis identified the top 10 clinically significant
predictors of 30-day COPD readmission. The five most important
features by mean absolute SHAP value were: (1) number of prior
hospital admissions in the previous 12 months, (2) length of index
hospitalization stay, (3) oxygen saturation at discharge, (4)
Charlson Comorbidity Index, and (5) FEV1 percentage predicted.
These findings are consistent with established clinical risk factors
for COPD readmission and validate the clinical relevance of the
model’s learned representations.

At the patient level, SHAP force plots revealed heterogeneous
risk profiles: for high-risk patients, elevated prior admission count
and low discharge oxygen saturation were consistently the
dominant risk-amplifying factors, while inhaler adherence and
lower age served as protective factors for lower-risk patients. This
granular, patient-specific explainability directly supports clinician
decision-making and intervention planning.

7.3 TEMPORAL MODELING CONTRIBUTION

The ablation study comparing standard BiLSTM against
EEPF-COPD demonstrates that Bayesian optimization
contributed an additional AUC improvement of 0.04 over the
untuned BiLSTM baseline, confirming the importance of efficient
hyperparameter search. The BiLSTM temporal modeling itself
contributed a 0.02 AUC improvement over FW-CSRF,
demonstrating that longitudinal patient trajectories carry
meaningful predictive signal beyond what static encounter
features capture. Analysis of attention weights within the
BiLSTM revealed that the two most recent encounters carry the
highest predictive weight, consistent with clinical understanding
that recent disease trajectory is most relevant to near-term
readmission risk.

7.4 STATISTICAL SIGNIFICANCE

Wilcoxon signed-rank tests confirmed that EEPF-COPD’s
improvements over FW-CSRF in both AUC-ROC (p =0.008) and
Recall (p = 0.012) were statistically significant at o = 0.05,
confirming that the enhancements represent genuine performance
gains rather than stochastic variation.

7.5 BAYESIAN OPTIMIZATION EFFICIENCY

Bayesian optimization identified the optimal configuration
(hidden units: 128, layers: 2, dropout: 0.3, learning rate: 31074,
batch size: 32, sequence length: 5) in 42 evaluations, compared to
324 configurations evaluated by equivalent grid search—an 87%
reduction in computational cost.

8. CLINICAL INTERPRETATION
DEPLOYMENT CONSIDERATIONS

AND

The clinical utility of EEPF-COPD extends beyond predictive
accuracy. SHAP force plots provide attending physicians with
patient-specific risk explanations at the point of discharge
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decision-making. A patient whose prediction is dominated by
high prior admission count and low oxygen saturation can be
flagged for enhanced post-discharge monitoring, pulmonary
rehabilitation referral, or medication optimization.

The temporal modeling capability enables the system to
distinguish between patients experiencing sudden acute
deterioration (captured by recent encounter signals) versus those
with chronic progressive disease burden (captured by longer
historical trajectories). These distinct risk profiles warrant
different clinical interventions.

For deployment, EEPF-COPD requires a minimum of two
prior patient encounters to construct temporal sequences. For
first-time admissions, the system defaults to FW-CSRF
predictions, ensuring coverage across all patient types. The
model’s inference latency is under 100ms per patient on standard
hospital server hardware, suitable for real-time clinical decision
support integration.

9. LIMITATIONS AND FUTURE WORK

While EEPF-COPD demonstrates significant improvements
over prior work, several limitations exist. First, evaluation
remains on a single dataset (MIMIC-IV); multi-institutional
validation across diverse health systems is required before clinical
deployment. Second, the framework does not yet incorporate
unstructured clinical notes (discharge summaries, nursing notes),
which may contain additional predictive signal. Third, model
performance on patient subgroups by age, comorbidity burden,
and geographic setting warrants dedicated analysis.

Future work (Paper 4) will focus on developing a unified end-
to-end clinical framework integrating all methodological
advances, incorporating natural language processing for clinical
note analysis, conducting prospective validation in Indian hospital
settings, and examining clinical impact through outcome studies
on readmission rate reduction.

10. CONCLUSION

This paper presented EEPF-COPD, an Enhanced Explainable
Predictive Framework for COPD hospital readmission prediction,
constituting the third and most advanced contribution in our
doctoral research progression. Building directly upon the
conceptual foundations of [1] and the algorithmic innovations of
[2], EEPF-COPD integrates SHAP-guided dynamic feature
optimization, Bidirectional LSTM temporal modeling, and
Bayesian hyperparameter optimization into a cohesive clinical
prediction system.

Experimental results on MIMIC-IV demonstrate that EEPF-
COPD achieves AUC-ROC of 0.91 and recall of 0.86, surpassing
FW-CSRF and all prior baselines by statistically significant
margins. Qualitative SHAP analysis provides clinically
actionable  patient-level  explanations,  addressing  the
interpretability gap that limits clinical adoption of black-box
predictive models.

EEPF-COPD represents a significant maturation of our
research arc, demonstrating depth in algorithmic innovation,
rigorous experimental evaluation, and clinical relevance—the
hallmarks of impactful doctoral-level research. The framework
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provides a robust foundation for the final thesis paper integrating
these advances into a comprehensive end-to-end clinical decision
support system.
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