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Abstract

Verbal autopsies (VA) serve as a frequent mechanism within Low- and Medium-Income Countries (LMIC) to ascertain
the cause of death (CoD) for individuals who pass away outside of clinical environments, relative to the established
international gold standard of physician medical certification. Field interviewers gather detailed testimonies from the
families of the deceased concerning the events and circumstances preceding the fatality. This gathered information is
documented in text format, referred to as VA narratives. These textual records contain granular details suitable for
identifying the CoD. Nonetheless, this methodology continues to be a manual operation characterized by high costs,
inconsistency, prolonged processing times, and subjectivity (making it susceptible to errors), among other limitations.
Consequently, these disadvantages undermine the VA reporting infrastructure, which is otherwise crucial for defining
public health agendas and populating civil registration frameworks.

To address this operational gap, the present study introduces interpretable deep learning (DL) methodologies
designed to analyze VA narratives and deliver CoD predictions in an efficient, transparent, economical, and precise
manner. The verification of our DL models is conducted via optimization and performance accuracy machine learning
(ML) curves mapped against the volume of training samples. Our models achieved training set accuracies of (LSTM =
76.11%, CNN = 76.35%, and SEDL = 82.1%), validation accuracies of (LSTM = 67.05%, CNN = 66.16%, and SEDL =
82%), and test set accuracies of (LSTM = 67%, CNN = 66.2%, and SEDL = 82%). Additionally, Local Interpretable
Model-agnostic Explanations (LIME) are utilized to enhance the interpretability of the outcomes, thereby fostering
confidence in automated healthcare solutions.

This work offers robust deep learning strategies for CoD determination via VAs, where the stacked ensemble deep
learning (SEDL) model achieved optimal performance, outperforming both Long Short-Term Memory (LSTM) and
Convolutional Neural Networks (CNN). Our empirical evidence suggests that ensemble DL paradigms can be
successfully integrated into the CoD classification workflow to assist medical experts in reaching a diagnosis.
Ultimately, this integration aims to compress the diagnostic turnaround time for physicians reviewing the narratives,
while simultaneously reducing operational expenses and mitigating human error. The scope of this study was
constrained by the volume of training data required for model optimization and the substantial lexical diversity present
within the unstructured text.
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Introduction

Upward of 65 percent of the global population does not have access to high-quality data regarding cause of death (CoD),
which represents two thirds of the sixty million annual global fatalities lacking a formally certified medical cause [1-3].
Such statistical insights remain vital for maintaining civil registration databases, drafting policies, and reinforcing national
health strategies. The majority of these unrecorded deaths take place within Low- and Medium-Income Countries (LMIC)
due to their occurrence outside formal medical centers [4]. Consequently, the verbal autopsy (VA) instrument is deployed
to ascertain CoD in these scenarios.

The VA paradigm involves non-clinical personnel conducting structured interviews with the primary relatives of the
deceased to extract specific data regarding the circumstances and chronological events leading up to the CoD. The
compiled qualitative data, termed VA narratives, are digitally recorded as text and evaluated by two independent medical
practitioners to deduce the likely CoD; in instances of disagreement, a third physician adjudicates the case, an
operational framework designated as physician-coded verbal autopsy (PCVA) [3]. A comprehensive breakdown of the
traditional VA workflow is detailed in [5]. Although PCVA represents the primary reference standard for CoD evaluation,
the protocol is financially burdensome, slow, highly variable, and subjective (vulnerable to inconsistencies during data
elicitation), among numerous other limitations.

This has spurred the development of alternative algorithmic approaches that leverage probabilistic matrices, tariff scoring
systems, and basic statistical computations to classify the CoD [6, 7]. These methodologies are collectively classified as
computer-coded verbal autopsy (CCVA). Contemporary literature has predominantly concentrated on statistical
frameworks evaluating CoD categorization through CCVA configurations applied to VA narratives [7-11]. Nonetheless,
these systems often yield suboptimal performance due to their inability to effectively handle the unstructured text
narratives provided as classification inputs. As a result, standard CCVA methods fall short of guiding healthcare planning
effectively, given their failure to produce robust diagnostic evidence in environments with scarce expert verification [1].

Conversely, parallel research efforts have explored machine learning (ML) models, which have yielded superior
performance indicators compared to traditional CCVA methods. Significant investigation has centered on employing
various shallow ML algorithms trained on highly high-dimensional spaces (characterized by extensive sets of predictors
and target outcomes) containing sparse features (where variables are not distributed across uniform scales) to extract
actionable intelligence from VA text records [3, 12-20]. A large portion of these ML methods exhibit performance deficits
owing to the curse of high dimensionality induced by absent feature scaling, suboptimal feature engineering, inadequate
text preprocessing pipelines, and unaddressed class imbalances.

Technological advancements, particularly across the domains of ML and natural language processing (NLP), have
unlocked sophisticated capabilities and improved efficiencies for interpreting and categorizing unstructured text
narratives. In the current paper, we introduce robust deep learning (DL) architectures driven by NLP that are customized
to parse VA text files efficiently and project the most probable CoD. Additionally, this study intends to gauge the systemic
impact of these DL frameworks within broader healthcare contexts and mortality statistics surveillance. Through this
approach, we seek to elevate CoD classification accuracy by exploiting the advanced hierarchical features of ensemble
DL paradigms against the baseline configurations detailed in [21].

Our proposed DL models also offer explicit insights regarding the underlying decision paths for CoD predictions, an
essential requirement for establishing transparency and user trust for artificial intelligence diagnostics applied within
public health domains. Consequently, this facilitates an exploration of real-world SEDL deployment, paving the way for
testing its generalization across external contexts—such as distinct demographics, geographical territories, and
alternative cohorts—thereby uncovering novel domain insights and mapping the underlying semantic associations
connecting raw VA narratives to their respective CoD categories.
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While DL approaches demonstrate superior predictive accuracy, they remain bounded by architectural complexity and
constraints regarding model interpretability (the capacity to trace the causal mechanisms behind a specific model output).
Notwithstanding these hurdles, DL models deliver highly promising outputs by virtue of computational efficiency,
outstanding performance metrics, automated feature extraction, and the capacity to facilitate end-to-end learning directly
from complex, multi-modal data streams [22]. By contrast, traditional statistical tools and classical ML pipelines require
manual feature engineering to generate representative data attributes prior to the training of a predictive model. To date,
academic literature remains sparse concerning the application of these advanced ML architectures, specifically DL
frameworks, to address challenges inherent in verbal autopsy analysis.

This investigation furthers the transparency, reliability, and accountability of Al-enabled solutions within clinical and public
health frameworks. Incorporating an explainable methodology of this nature into CoD classification promises to minimize
diagnostic errors, mitigate algorithmic bias, accelerate system turnaround time, and lower logistical expenses, among
other advantages. Consequently, it establishes a framework for productive human-Al collaboration during data
interpretation and clinical annotation, ultimately uplifting the overall data quality of VA registries and strategic decision-
making crucial for supporting civil records and defining public health priorities.

Deep Learning in VA

Advanced DL functionalities, including automated feature extraction and architectural engineering, have catalyzed the
development of automated diagnostic frameworks—an evolution that was largely unattainable using traditional ML
approaches [23]. Computational DL models have yielded promising outcomes and have been widely integrated into the
medical domain, as demonstrated by the investigations of [24-27]. Additional research by [27-29] similarly highlights the
efficacy of DL methodologies. Furthermore, Ref. [30] noted that DL models can enhance classical ML benchmarks across
numerous disciplines, including speech recognition, pharmaceutical discovery, and computer vision.

Moreover, DL frameworks configured with optimized hidden layers have been engineered to uncover latent patterns that
remain obscured when evaluated by conventional statistical and standard ML tools. These architectural frameworks
facilitate the learning of raw data representations across multiple hierarchical layers of abstraction, even when executing
operations with relatively few processing layers [31]. The feature engineering paradigm within DL—encompassing feature
extraction, representation, and selection—is executed via a unified end-to-end framework that learns directly and
autonomously from the training observations. As a consequence, these sophisticated models hold strong relevance for
processing VA registries characterized by high-dimensional, sparse data matrices.

Historically, the Convolutional Neural Network (CNN) paradigm was designed for image recognition tasks leveraging
multi-dimensional data grids. Nonetheless, subsequent exploratory studies with this architecture revealed superior
metrics when adapted for text classification tasks using one-dimensional arrays and character-level inputs [29, 32].
Multiple investigators have deployed the standard Recurrent Neural Network (RNN), with certain researchers modifying
the framework for sentiment analysis to achieve notable performance [33-38]. Other studies, such as those by [30, 39],
integrated a hybrid CNN and RNN configuration, yielding strong outcomes within a hierarchical implementation.

Ref. [40] evaluated a multi-task learning architecture for CoD categorization. Their design combined a CNN and Linear
Discriminant Analysis (LDA) for topic segmentation. The resulting predicted keyphrase clusters surpassed individual LDA
and CNN formulations in extracting diagnostic terms from the underlying VA records. Specifically, they utilized a feed-
forward CNN network that ingested word embedding vectors, optimizing the system via 10-fold cross-validation to
produce distinct LDA topical categories. Their configuration achieved a precision of 0.779, a recall of 0.778, and an F1-
score of 0.774. Nonetheless, their analysis was constrained by a small sample size and featured word clusters that
exhibited disproportionate frequencies and lengths, thereby introducing unrepresentative data features.
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Ref. [41] investigated the utility of character embeddings on VA records to evaluate whether such an approach could
elevate CoD classification metrics. Utilizing four separate datasets spanning distinct clinical categories, they determined
that character-level features boost classification performance when applied to smaller cohorts, as the underlying networks
can successfully manage out-of-vocabulary terms and spelling variations. They observed a meaningful performance
increase when deploying models such as a CNN. However, their experimentation was restricted to limited datasets
containing fewer than 1000 total cases, which also fluctuated in sample size.

Ref. [42] utilized explainable DL frameworks to deduce CoD from VA text by benchmarking logistic regression, a naive
Bayes classifier, a random forest ensemble, and two distinct configurations of RNN DL models. Their empirical trials
spanned three datasets; however, competitive performance metrics were isolated to the neonatal cohort evaluated by the
DL model, which yielded a precision of 63.2%, an accuracy of 63.0%, a recall of 63.0%, and an F-score of 61.3%.

Ref. [43] experimented with the prediction of mortality trajectories during the clinical treatment of SARS-COV-2 patients
using a mix of DL and ML approaches. They reported an accuracy of 97.15% for the DL architectures, compared to
92.15% for random forest, 93.4% for k-nearest neighbor, and 99.7% for the XGBoost ensemble classifier. Ref. [44]
conducted an evaluation of text narratives concerning railway accidents by pairing DL-based distributed vector
representations with an RNN and a CNN. Their configuration achieved a peak accuracy of 75% and an F-score of 0.65 by
combining word2vec embeddings with a CNN classifier.

Ensemble DL

Beyond the standard individual DL configurations reviewed above, several investigations have leveraged ensemble DL
frameworks (which integrate multiple separate neural models) to achieve superior generalization performance on unseen
data. The core mechanism of ensemble DL relies on an averaging or majority voting protocol across the aggregated
architectures to formulate a final model prediction.

Ref. [23] performed a study applying SEDL with a CNN backend to diagnose pediatric pneumonia via chest X-ray
imagery. Their methodology merged conventional ML tools with advanced DL pipelines. They reported an accuracy of
98.3%, a precision of 99.29%, a recall of 98.36%, an F1-score of 98.83%, and an AUC of 98.24%. Based on these
metrics, they concluded that their stacked ensemble configuration achieved optimal operational efficiency, suggesting its
utility as a diagnostic aid for medical practitioners.

A comparable study detailed in [45] reinforced the structural robustness of ensemble architectures in achieving high-tier
performance metrics. Nonetheless, they emphasized the critical necessity of mitigating class imbalances to ensure
reliable outcomes. Ref. [46] implemented an ensemble DL system focused on detecting COVID-19 cases from chest
radiographs. They recorded an overall accuracy of 95% and affirmed that ensemble systems can generate superior
diagnostic capabilities. However, they noted the ongoing requirement for larger training sample sizes to optimize model
training.

Ref. [47] completed a systematic review covering various taxonomies of ensemble DL techniques and verified that
ensemble frameworks consistently deliver superior predictive results. Even so, they argued that these large DL structures
are difficult to train effectively when sample sizes are small, are inherently complex, and present notable challenges
during base model selection. The authors further highlighted the need for prospective research to define systematic
strategies for establishing the ideal number of base learners, formulate objective criteria for model selection, and evaluate
diverse feature-fusion protocols.

Ref. [23] argued that stacking represents an exceptionally powerful ensemble DL strategy, which functions by assembling
a tier of predictions generated by independent base classifiers. These intermediate predictions from the primary models
are then treated as higher-level features, which serve as the direct inputs for training a meta-learner responsible for
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outputting the final classification decision. This approach generates substantial performance gains because stacking
successfully aggregates the complementary strengths of the individual base classifiers.

Lastly, Ref. [48] reported on the implementation of ensemble DL architectures tasked with classifying cardiovascular
diseases utilizing patient records from Mexico. They recorded accuracy rates and F1-scores resting tightly within the 91%
to 96% range. From these findings, they concluded that ensemble DL paradigms can sustain excellent performance
thresholds, making them highly viable for real-time diagnostic tracking and clinical reporting within medical environments.

Explainable Al

While DL approaches demonstrate exceptional promise across diverse applications, their architectural complexity
severely limits their transparency. Stated differently, tracing the exact computational pathway a network follows to reach a
specific prediction is highly challenging, which has led to DL frameworks being widely characterized as "black boxes" [49-
51]. To mitigate this limitation, the subfield of Explainable Artificial Intelligence (XAI) has emerged to improve the
interpretability of deep neural networks. Ref. [50] classified XAl methodologies into two primary categories: intrinsic and
post hoc. The authors explained that intrinsic frameworks are inherently transparent, making their internal decision-
making mechanics straightforward to comprehend. Conversely, post hoc methodologies operate by illuminating the
specific contextual elements of the input features that drove a classification decision within an already trained model.
These tools typically leverage visual analytics, local explanations, and simplification techniques, among other
functionalities.

Ref. [52] argued that integrating XAl within clinical environments can assist medical experts by delivering diagnoses that
are transparent, comprehensible, and explainable. Successful clinical translation, however, requires that ML models
possess the capacity to explicitly justify their predictive logic. The authors further emphasized that the proper execution of
XAl strategies is vital for increasing clinical trust and accelerating the adoption of these tools in medicine. By designing
three distinct explainability strategies to support human decision-making in clinical settings, they concluded that refined
XAl models could become foundational instruments in the physician's diagnostic workflow.

This perspective is reinforced by [49], who argued that the black-box nature of most DL predictions leaves them devoid of
interpretability regarding how an outcome was generated. Consequently, healthcare professionals find it difficult to
understand or fully rely on the outputs produced by classical ML models, which restricts their deployment within public
health ecosystems. Building clinical trust requires incorporating systematic explainability and interpretation layers directly
onto model outputs. Implementing these safeguards could position DL frameworks as a compelling and reliable choice for
optimizing public health and patient outcomes.

In this investigation, we utilize Local Interpretable Model-agnostic Explanations (LIME) to provide clear interpretability and
deliver crucial, actionable insights for clinical decision-making [51]. This XAl methodology deduces explanations by
evaluating the behavioral patterns of the complex classifier within the immediate mathematical proximity of the specific
case being evaluated, relying on simpler local surrogate models like logistic regression or decision trees [52]. Ref. [49]
noted that XAl outputs can be viewed as feature-importance indicators that describe the internal mechanics of a highly
complex predictive network.

Accordingly, LIME simplifies the user’s capacity to understand the reasoning behind an automated decision by
highlighting the most significant and contextually relevant features driving a given prediction. The algorithm monitors
changes in model predictions by perturbing the input data. Crucially, rather than trying to explain the behavior of the entire
model across the global dataset, LIME generates localized explanations for individual, isolated cases using unseen
testing partitions. It leverages individual feature prediction probabilities to explain the rationale behind a specific output
[49]. Visualizing the explanations produced by these XAl tools makes it easier to generalize and communicate findings
within clinical environments, thereby increasing the reliability of DL tools and accelerating their acceptance in medicine.



Khalil et al. J Trustworthy Explain Intell Syst (2025) 4:64

Page 6 of 27
https://doi.org/10.68159/s908462159 9

The current study evaluates the deployment of SEDL architectures to ascertain CoDs from unstructured VA text
narratives. At present, there is a paucity of research exploring the intersection of XAl and SEDL configurations,
particularly within the verbal autopsy domain. While one notable investigation [42] utilized XAl methods, their framework
did not incorporate stacked ensemble designs. The contribution of this paper is to advance current healthcare-focused
XAl research by developing highly transparent and interpretable DL pipelines. These models are designed to be
economical, efficient, accurate, consistent, and error-free, ultimately improving the operational quality of VA reporting.

Here, we apply LSTM, CNN, and SEDL networks to achieve easily interpretable CoD classifications from VA records,
clarifying how each model translates text inputs into predicted outcomes. These explainable DL systems can be
seamlessly embedded into mortality surveillance workflows to augment manual human annotation and interpretation,
offering substantial utility to clinicians and public health researchers.

Materials and Methods

This section details the methodologies and analytical frameworks applied throughout this investigation.

Study design

This investigation utilizes a retrospective cross-sectional design driven by secondary data analysis. Data standardization
and normalization procedures were executed within a Python Spyder environment. The resulting data frames—
comprising cleaned VA narratives, model performance indicators, and classified VA categories—were systematically
structured and hosted within a PostgreSQL version 4.2 Relational Database Management System.

Study population

The empirical data for this study were obtained from the Agincourt Health and Demographic Surveillance System (HDSS).
Established in 1992, the Agincourt HDSS is situated in a rural region of northeastern South Africa, specifically within the
Bushbuckridge sub-district of the Ehlanzeni District in Mpumalanga Province. The geographical footprint of the Agincourt
study area spans roughly 420 km2. Based on the 2019 Agincourt census profile, the baseline population stood at 116,247
residents distributed across 28 villages and 22,716 households. This cohort included 55,961 males, 60,280 females,
11,724 children under the age of five, and 928 school-age youth between 5 and 19 years old [53].

Data source and description

This study leveraged the longitudinal Agincourt HDSS registry encompassing records from 1993 to 2015. Our DL models
ingested textual VA narratives to classify CoDs across twelve distinct pathological categories established in historical
literature [3, 9, 54, 55]. The source matrix contains 287 feature columns and 16,338 individual patient records. In our
modeling framework, all documented symptoms along with the raw VA narrative texts served as the predictor matrix X,
while the validated physician diagnoses—coded according to the International Classification of Diseases 10th Revision
(ICD-10)—constituted the target vector Y across all 16,338 observations.

Table 1 outlines the specific tracking labels assigned to each of the twelve disease groups evaluated in this study.

Table 1. Labelling of the twelve disease classes.

Disease Group Sample Count Class Identifier

HIV/TB-Related Conditions 3388 0
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Other Infectious Diseases 964 1
Metabolic Disorders 242 2
Cardiovascular Diseases 140 3
Indeterminate Causes 1468 4

Maternal and Neonatal Conditions 121 5
Abdominal Diseases 117 6

Neoplastic Disorders 93 7
Neurological Disorders 57 9
Respiratory Diseases 46 10

Other Non-Communicable Diseases (NCDs) 21 11

Legend: HIV—human immunodeficiency virus, TB—tuberculosis, NCD—non-communicable diseases.

Preprocessing

The preprocessing pipeline targeted incomplete, noisy, and discordant data points using systematic data cleaning,
munging, transformation, and dimensionality reduction techniques [56]. Text cleaning operations standardized the
narrative inputs and removed extraneous characters that offered no semantic value to the models. This was achieved by
converting all text strings to lowercase and stripping out punctuation marks, whitespaces, digits, and special symbols.

Spelling anomalies were corrected using the TextBlob library in Python, and tokenization was applied to split the raw text
blocks into discrete word tokens. Irrelevant lexical elements were filtered out using the NLTK library's standard English
stopword list. Lemmatization was then carried out to reduce word variations to their base dictionary form, or lemma.
Missing or null values were removed entirely from the dataset to eliminate downstream modeling bias. To ensure uniform
feature scaling, the Python StandardScaler was applied to normalize the magnitudes of our predictors X and target
outputs Y within an equivalent range. Finally, to counteract severe class imbalances identified during exploratory data
analysis, the Synthetic Minority Oversampling Technique (SMOTE) was applied exclusively to the training dataset.

Word embedding and representation

This study opted for Global Vectors for Word Representation (GloVe) to manage distributed word embeddings, with the
objective of mitigating the architectural challenges of high dimensionality by mapping text features into a low-dimensional
vector space. Distributed word vectors serve as the foundational processing tier of a DL network, operating on the
principle that words with close semantic meanings share comparable contextual distributions.

The GloVe framework was chosen over traditional Term Frequency (TF) and Term Frequency-Inverse Document
Frequency (TF-IDF) models because of its robust capacity to capture latent semantic relationships. In contrast, standard
TF frameworks are frequently dominated by high-frequency words, and TF-IDF models often fail to detect deeper
contextual similarities between different terms. The mathematical properties of the GloVe algorithm are comprehensively
detailed in [57, 58].

Text classification with deep learning architectures
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Text classification tasks in this investigation were carried out using Long Short-Term Memory (LSTM), CNN, and SEDL
architectures. Unlike standard distributed word vectors, these architectures are structurally equipped to handle extensive
vocabularies containing out-of-vocabulary or unknown terms (words that appear intermittently within testing sets but are
absent from the training corpus). Within existing literature, these configurations are recognized as character embedding
models because they interpret each word as a sequential arrangement of its constituent characters [59].

Long short-term memory

The LSTM network represents a specialized variant of the recurrent neural network (RNN) that integrates feedback loops
between its processing layers, providing it with dynamic temporal characteristics [60]. Standard RNN structures are
designed to process sequential information by executing uniform operations across each successive token in a sequence.
These models ingest current input strings while simultaneously referencing hidden states derived from prior
computational steps [61], utilizing internal memory components to process sequential tasks. Generally, RNN
configurations are built from three primary structural tiers: an input layer, hidden processing layers, and an output layer
[60].

However, basic RNN architectures frequently suffer from the vanishing gradient problem when attempting to model long-
range dependencies. This occurs when the gradient values used to update the network weights decrease exponentially
toward zero during backpropagation, undermining overall accuracy and making hyperparameter tuning difficult. The
structural properties of basic RNNs are described in [59].

LSTM networks overcome the vanishing gradient limitation through a gated architecture comprising three functional
elements: a forget gate, an input gate, and an output gate. This design makes the LSTM exceptionally efficient relative to
standard RNNs, as it can selectively purge extraneous data from its memory cell, write new target features to memory,
and isolate the immediate contextual attributes most relevant to the task [61]. The inclusion of the forget gate
differentiates the LSTM from basic RNN frameworks, enabling stable backpropagation across extended sequences. The
network determines its current hidden state by calculating and balancing the interactions across these three internal gates
[59]. Figure 1 illustrates the structural comparison between the LSTM deep learning framework and a conventional RNN.

,
m 7] ®m

=
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(1) Long Short-Term Memory (2) Gated Recurrent Unit

Figure 1. LSTM deep learning framework. Source: [59].

Convolutional neural network

The Convolutional Neural Network (CNN) was originally adapted as a feature extraction mechanism intended to capture
high-level features from n-grams, meaning that these extracted attributes are highly applicable across diverse NLP tasks
[59, 62, 63]. The CNN operates under a strict weight constraint, which dictates that an individual convolutional layer must
apply identical weights across the inputs for all processing nodes residing within that specific layer. Consequently, this
architectural constraint makes a CNN significantly more efficient to train than a standard fully connected neural network
[61].

The primary layers of a CNN comprise an input layer, convolutional layers, pooling layers, fully connected layers, and a
final softmax function to execute the classification task. The underlying mechanics of the CNN framework are described in
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[59]. Figure 2 illustrates the pictorial representation of the CNN architecture.
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Figure 3 presents a diagrammatic layout of the ensemble DL techniques utilizing a stacking approach. Our
implementation incorporates multiple individual base learners (B1-Bn) that process data through several successive
iterations (Levell—-Leveln) and subsequently channel their intermediate outputs into a meta-learner (Moutput) to produce
the final model prediction. This investigation leveraged the structural stacking principles formulated in the work of [64].

The underlying dataset was initially partitioned into n equal components, where each nrh -fold cross-validation segment
was isolated for testing while the remaining sections were utilized to train the models. We systematically generated pairs
of train—test sub-datasets to produce diverse intermediate model predictions, which were then supplied as structural
inputs into our meta-model for the definitive classification. Accordingly, this multi-tiered approach boosts overall model
performance while simultaneously mitigating the potential for systemic bias within the final outcomes [47].
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Figure 3. Stacking of our models. Source: [47].

Explainable Al using LIME

Figure 4 provides a visual representation of the general schematic pipeline detailing the integration of XAl via post hoc
explanations using a simplification method, namely LIME. Initially, the unstructured VA narratives are supplied as input
vectors into the black-box SEDL models. Following this classification phase, the model output is interpreted using the
LIME component to supply both the explicit CoD diagnosis and its corresponding explanation to medical experts. In this
work, we implemented the mathematical XAl framework (LIME) as reported in [50, 52].

AL
L‘. .L ' @
-
w
2. Stacked ensemble 4. VA 5. Model explanation
1. de DL methods 3. Le apphcation by experts

Figure 4. General pipeline of XAl implementation using VA data.

Experiments: Deep Learning Models

This section details the distributed word vector configurations, the specific DL architectures, and the Python software
libraries deployed throughout this study. Global Vectors (GloVe) were utilized to generate vectorized word representations
via the Keras Python library, which we subsequently re-trained using our localized study corpus. We constructed a 128-
dimensional vector space for each word token by utilizing a window size of 5. The input VA narratives were uniformly
padded to ensure a consistent sequence length of 250 words across all text records. During empirical testing, it was
observed that scaling the vector dimensions to larger values yielded no statistically significant impact on performance.

The implemented CNN architecture comprised four distinct 1D convolutional layers with channel depths of 128, 256, 256,
and 512, which were interleaved with corresponding max-pooling and dropout layers. The kernel size for both the
convolutional and max-pooling operations was set uniformly at 3. A flattening layer was integrated to compress all feature
maps generated by the convolutional steps into a single, continuous feature vector, which was then linked to the fully
connected layer. This fully connected layer was configured with 128 hidden units and also featured a dropout layer.

All internal network layers utilized the rectified linear unit (ReLU) activation function, save for the final classification layer,
which utilized a softmax function. For model optimization, cross-entropy loss was selected as the objective metric, and
Adam was utilized as the primary optimization algorithm. The network was configured with an early stopping routine to
halt training if no further performance gains were detected.

The RNN pipeline, implemented via the LSTM variation, incorporated two Gated Recurrent layers containing 256 and 512
nodes, respectively. The ultimate fully connected layer contained 12 distinct nodes at its termination and was paired with
a dropout layer configured at a rate of 0.002. The final classification layer employed a softmax activation function, and
model optimization was conducted by measuring cross-entropy loss and leveraging Adam as the optimization algorithm.
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This framework was likewise paired with an early stopping function to terminate training if the model failed to achieve
further effective training steps.

We systematically tuned both batch size and the number of epochs as components of batch normalization, aiming to
standardize the distribution across each input dimension of our processed dataset [65]. Furthermore, we adjusted the
optimization algorithms used to train the network, evaluating each under its default parameter baselines. Additionally, we
optimized the learning rate—which dictates the step size for updating network weights at the conclusion of each batch—
and the momentum parameter, which determines the degree to which previous weight updates influence the current
weight modification.

Optimization routines were also applied to select the network weight initialization strategy by benchmarking all available
computational techniques. Moreover, we fine-tuned the activation functions that govern the non-linear transformations of
individual neurons and dictate their firing thresholds. The dropout rate, combined with weight constraints, was optimized
by adjusting the dropout percentage for regularization to limit overfitting and enhance the model’s capacity to generalize
to unseen datasets. Finally, we adjusted the total number of neurons within the hidden layers, recognizing that larger
network Topologies demand extended training times and that batch size and epoch limits should ideally be optimized in
tandem with hidden unit counts.

Our standard individual DL architectures failed to converge, as they were unable to achieve our target optimal
performance benchmark of 80% established in our introductory research reported in [21]. Consequently, we transitioned
our experimentation toward ensemble DL strategies, specifically deploying SEDL architectures. A sequential model from
the Keras ML library was constructed, consisting of one global average pooling layer followed by four dense layers
configured with 1024, 512, 128, and 64 units, respectively.

Additionally, to handle architectural complexity and prevent overfitting, we integrated dropout layers and implemented
structural regularization using the Lasso (L1) technique. We selected Adam as our optimization algorithm, designated a
patience parameter of 3, and configured the architecture to run for up to 500 epochs with a batch size of 128. This
framework served as the foundation for our base learners, which comprised an ensemble of 100 member models.

DL Model Evaluation

In this study, we utilized optimization and performance learning curves to assess the efficacy of our DL models.
Specifically, we used training and validation datasets to visualize cross-entropy loss and model accuracy across multiple
successive iterations. The optimization learning curves plot both training loss and validation loss over elapsed training
epochs.

The training loss curve illustrates the degree to which a model fits the underlying training observations, whereas the
validation loss curve reveals how effectively the model adapts to entirely new, unseen data points. Parallel to this,
performance learning curves—which leverage accuracy as the primary evaluation metric—were implemented. Here,
training accuracy indicates the model's fit on the training data, while validation accuracy tracks the model's generalized
capacity to classify new, independent records. The operational principles of these learning curves are described in detail
within the studies of [61, 66, 67].

We also report on the total accuracy achieved by our architectures. Accuracy measures the proportion of correctly
predicted results across all evaluated categories relative to the total number of samples [18, 20]. True Positives (TPs) and
True Negatives (TNs) represent the count of classification outcomes where our predictive system correctly identifies
positive and negative instances, respectively.

In our experimental framework, a TP denotes a predicted positive VA narrative that maps to a specific disease category
among the twelve available classes and is clinically confirmed as positive. Conversely, a TN denotes a predicted negative
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VA narrative for a specific disease class that is confirmed as negative. Alternatively, False Positives (FPs) and False
Negatives (FNs) represent the counts of classification outcomes where our models erroneously predict the positive or
negative classes.

In this context, an FP indicates a VA narrative that the model flags as positive for a certain disease category when it is
actually negative, whereas an FN represents a narrative that the model flags as negative for a disease category when it is
actually positive. The mathematical formulation for calculating accuracy is expressed as follows.

)  TP+TN "
Y = TP+ FP+IN+FN

Results and Discussion

In this section, we analyze the outcomes delivered by our DL architectures across the classification of VA reports into
twelve distinct medical categories.

Our initial data cleaning involved removing 2247 VA reports containing null records, leaving 14,091 text cases to serve as
input for the DL frameworks. Additionally, 5170 missing target outcome values were excluded from the analysis. Within
the dataset, the maximum narrative length spanned 715 words (comprising 3949 characters), whereas the shortest text
consisted of seven words (comprising 55 characters). Across the entire corpus, the narratives exhibited an average
sentence length of 99.76 words.

To address class imbalances, SMOTE was utilized to generate twelve uniform disease classes, each containing 3388
samples for the training partition. This procedure was necessary because prominent classes originally held a significantly
larger volume of data points relative to underrepresented minority classes. Systems that overlook proper data balancing
protocols frequently exhibit architectural bias, yielding substantial misclassification errors and distorted analytical insights.

Every individual VA narrative was treated as a discrete, short text document composed of a sequence of terms. These
word sequences, processed as unigrams (n = 1) and bigrams (n = 2), served as the input features for our DL structures to
forecast the most probable CoD among the twelve target disease categories. Our objective focused on projecting these
target feature values onto the unseen test partition. To facilitate mathematical processing within our predictive models,
these text sequences were converted into dense, numeric vector spaces via Global Vectors (GloVe) word embeddings.

Model performance

Table 2 outlines the performance evaluation metrics derived for the three DL systems (LSTM, CNN, and SEDL) using
optimization routines and machine learning performance curves. The SEDL framework demonstrated superior
performance over both the LSTM and CNN variants in classifying diseases. Based on the ML curves, SEDL reached a
training accuracy of 82.1%, whereas the LSTM and CNN achieved 76.11% and 76.35%, respectively. Regarding
validation accuracy, SEDL achieved 82%, outperforming the LSTM at 67.05% and the CNN at 66.16%. On the evaluation
test set, the observed accuracies were 82% for SEDL, 67% for LSTM, and 66.2% for the CNN. Test loss metrics reached
1.15% for SEDL, 11.95% for LSTM, and 12.64% for the CNN. Correspondingly, SEDL, LSTM, and the CNN
demonstrated overall test accuracy rates of approximately 82%, 67%, and 66.2%, indicating that the correct target class
was assigned to these exact percentages of test samples by each respective model.

Table 2. Performance evaluation of models.
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Model

LSTM
CNN

SEDL

Test Loss (%) Test Accuracy Validation Training
(%) Accuracy (%) Accuracy (%)
11.95 67 67.05 76.11
12.64 66.2 66.16 76.35
1.15 82 82 82.1

The generalization capability of the DL frameworks on novel, unseen data is illustrated through the learning curves in
Figures 5 and 6. The trajectories demonstrate that the architectures successfully generalize, enabling them to construct
reliable predictions on new instances by capturing the core statistical properties of the training data. To safeguard
generalization and mitigate the risks of overfitting or underfitting, architectural complexity was regulated by incorporating a
dropout rate of 20%. Furthermore, regularizing mechanisms including early stopping (configured to monitor validation
loss), a patience threshold of 3 epochs, and a minimum delta variation of 0.001% were integrated to halt training when
performance improvements stagnated. The minimal discrepancy observed between the validation and test accuracies
reflects a highly robust model fit.
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Figure 5. Learning curve depicting performance evaluation of CNN.
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Figure 6. Learning curve depicting performance evaluation of LSTM.

The training and testing trajectory behaviors of the stacked ensemble network are illustrated in Figures 7 and 8. The
narrow margin between the ftraining and testing performance curves indicates that the ensemble architectures
successfully avoided both underfitting and overfitting states.
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Figure 7. Learning curve depicting SEDL performance evaluation during model training.



Khalil et al. J Trustworthy Explain Intell Syst (2025) 4:64

Page 17 of 27
https://doi.org/10.68159/s908462159 9

Accuracy

0.4 1
0.3 1 ‘t]
0.2 ' . ' r ' '
0 100 200 300 400 500
Epochs

Figure 8. Learning curve depicting SEDL performance evaluation.

Model explainability

This subsection details the interpretability analysis conducted on our SEDL structures using the LIME framework. While
our models produced varying CoD predictions and explanations across cases, deeper diagnostic clarity was established
by leveraging LIME to improve transparency.

Figures 9 and 10 illustrate text narratives involving metabolic, maternal, and neonatal diagnoses that the SEDL
framework classified correctly. In an instance where a patient passed away from metabolic diabetes, the narrative
highlighted specific symptoms like "high sugar" and "sugar diabetic"—terms that subsequently registered high probability
weights within our XAl LIME model. Another successful classification is presented in Figure 9. Notably, LIME directed the
prediction framework based on the clinical narrative surrounding the patient's death by prioritizing key terms such as
"baby", "incubator", "mother", "delivery", and "birth", all of which carried high feature probabilities. It is apparent that in
multiple cases, the models deduced the appropriate CoD by establishing patterns among reported symptoms, clinical
treatments, and diagnostic laboratory evaluations. These comprehensive descriptions consistently corresponded with
higher predictive accuracy across our models.
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Prediction probabilities NOT Metabolic Metabolic NOT Cardiovascular

Metabos I o 5 »
Cardiorasculer [004 ] = o
Martenal & neo... e
Abdominal [0.00 o
Othev | 0.01 -

Text with highlighted words

He was a high blood and il diabetes paticnt. Whea be started to ill be was sufferiag from the deceased called *nda tshwa® his legs were bot sometimes cold.
Swollea panful legs. He started 10 cough and the sputum was green w colour. He weat 1o the doctor the doctor said that be has got i the intestzne. The chest pain
took place. He was sweating He was having the difficult 1o pass stools the saliva comes out from his mouth. the saliva comes out from his mouth, the diarrbea and
vomsting took place. The geoeral body malaise, coughing. Aboomamal colour of unine and eyes he went 10 the IPCE fasth healer where they prayed for ham and
they told him that be must stop dnaking the high blood treatment and il diabetic treatment he died a1 bome,

Figure 9. Example of LIME correct prediction.

Prodaction probebilities NOT Materna Maternal NOT Neoplasms Neoplasms

Maternad (I © 56
Neogplasms [001____ )
Respiatory [0.00 |
Dterral conses (000

Other [000 ]

Text with highlighted words

The mother nan to deliver the by acd the haliy was born dunng the 05th momth The mother was dichanging Mood duning the 08th moath and she expenenced labounr paas. She
went 8o Agincount Health Centre where she wan traaaferred 1o Matibw aaa bospatal She then gave buth 10 the deveasad and Sere were complcatioas dunng Selivery Lastcad of the
bead 1o come first it wan the begs The Wby was kept i o [N for e eaght and dunzg the moming when the mother was to give him msedscine after swallowsag the medicsse
the balby staned suffocting and the aurse took ham for checkup afer about throe bours ey todd the mother thae the Balby had passed away

Figure 10. Example of LIME correct prediction.

Conversely, Figures 11 and 12 display instances of incorrect classifications, where the architectures erroneously
predicted HIV and TB as the primary CoDs, whereas the established gold standard diagnoses were non-communicable
diseases and respiratory conditions, respectively. Diagnostic errors often occurred due to limitations in NLP processing
proficiency, specifically when narratives contained extraneous historical background details that had no functional
relevance to the immediate CoD. Consequently, accurate model predictions depended on prioritizing the direct clinical
events leading to death rather than distal historical patient records, an issue clearly visible in the text segment of Figure
12.

Prediction probabulities NOTHIV&TB HIV&TB NOT Other infectious

viva e N : o0
Other infectiows (000 ]
Necplesms (000 ]
Abdominal (000 ]
Other [000 ]

Teat with highlighted words
shie was a mgrate biboe and she foel [l 2t prtengireatod and diod i Gauteng she stanved by suffering froe headache and she bought treatment from chemust the beadache stoppad

but she started to JRll from disrbea and cold ber body was pasaful she convalied at a pEvale doctor the diarrhea sooped after treatment the privale doctor (EREE0NE ber wuth
I ;b st vomiting and she was soat 1o hospatal sad pot admatiod she dicd in the hospetal after few days

Figure 11. Example of LIME incorrect prediction.
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Fredsction poobabalitics
vava e I o %9
Orer irfectious EI:- 01 ]
Abdomingl [0.00
Car iUl ::l o0

Cther [0.00

Text with highlighted words

SHE WAS LOOSING APFETITE AND AFTER SHE HAD A RUNKING STOAMCH AND SHE WAS WEAK SHE ALSO HAD HOT BODY AFTER FEW DAY'S SHE WAS
TAKEN TO THE w" RE FREEENEESE WAS GIVEN BUT SHE DIDNT GET BETTER AFTER USING I'T WHILE UsiNG THE TRERESIEST <H:
DEVELOPED ~\\ 1 11~ AND AGAIN TAKEN TO I TREREREERN VA5 ALSO GIVEN AND THE SWOLLEN Il BEGAN TOGET BETTER THE
IMARRHOEA BEGAN BE STONG AND SHE WAS PASSING WHITE MUCUS AND LATER ON SHE PASSED WATERY STOOLS SHE WAS ALSO VOMITING WHEN
GIVEN FOOD AND SHE WAS UNABLE TO WALK SHE CONTINUED WITH THE TRENINENE BUT THERE WAS NO CHANGE SHE WAS CRYTNG WITH ALOW
VOICE WHILE CRYTNG HER CHEST WAS INDRAWING AND SHE DENELDEED DIFFICULT BREATHING WHICH WAS NOISY SHE WAS ADMITED FOR TWO

WEEKS IN THE I r~ THE [ SHE WAS VERY VERY WEEK UNTIL SHE DIED

Figure 12. Example of LIME incorrect prediction.
We executed an experimental trial designed to gather mean opinion scores (MOSs) from medical practitioners to evaluate
the clinical validity of the LIME explanations and model classifications. This process aimed to verify whether the rationales
generated by LIME aligned with clinical reasoning. Ten physicians reviewed an identical set of 20 randomly sampled
LIME predictions. The qualitative assessment categories and their corresponding numerical weights were defined as
follows:

1. Bad.
2. Poor.
3. Fair.
4. Good.

5. Excellent.

The final computed MOS represents the collective perceived quality of the LIME explanations. The evaluation yielded a
high MOS of 4.21, demonstrating that the interpretive justifications produced by LIME were clinically logical and coherent.

Determining the cause of death (CoD) from verbal autopsy (VA) records using text narratives alone is traditionally a
manual, labor-intensive, error-prone, and expensive process. Specifically, the prolonged turnaround time required for
medical professionals to review these written accounts and establish an accurate diagnosis remains a persistent
bottleneck. Despite ongoing initiatives to refine VA systems, the data extraction phase is constrained by several
limitations that delay CoD determination. This lag directly hinders timely reporting, which is essential for updating civil
registration infrastructures and reinforcing public health priorities.

In this research, we deployed innovative deep learning (DL) architectures exclusively on VA narratives to minimize the
time physicians spend reviewing records before rendering a diagnosis. While existing literature primarily relies on the
structured, closed-ended responses within VA questionnaires for feature extraction, our work demonstrates that the
unstructured narratives contain rich, high-value clinical insights [3]. In contrast to standard methodologies that rely on
closed-ended question fields to develop predictive models, our findings show that utilizing text narratives alone generates
comparable classification outcomes that align closely with physician-certified CoDs. Furthermore, to maximize the utility
of VA narratives, it is essential to adopt modern technical approaches, such as using digital tablets to record interviews
with the families of the deceased and utilizing automated transcription systems. Transitioning away from condensed
interview summaries toward complete verbatim transcriptions could yield substantially more reliable data, driving error
rates below 6% [42].

Here, LSTM networks and CNNs were applied to classify CoD solely from verbal accounts. In line with previous research,
we observed that DL techniques do not invariably deliver optimal performance out of the box, given their heavy reliance
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on massive datasets and extensive computational infrastructure. Consequently, this study encountered obstacles
regarding constrained training sample sizes alongside a pronounced occurrence of out-of-vocabulary terms and high
lexical variability (words carrying broad, context-dependent meanings within the medical domain) [42]. Although both
basic DL models underperformed relative to expectations, the LSTM architecture achieved superior metrics compared to
the CNN.

Nevertheless, the lower performance of the LSTM suggests it was less effective at handling the sequential nature of
these specific narratives and struggled to fully overcome the vanishing gradient problem. This implies that during
gradient-based model training, the gradient values diminished significantly, which kept the network weights static or
unadjusted and prevented effective learning. This specific limitation likely impaired the utility of the LSTM's forget gate
mechanism (the component responsible for discarding historical computations from memory, conserving only high-utility
data, and focusing exclusively on recent, contextually relevant memory inputs), which explains the observed performance
limits.

Similarly, the CNN delivered only moderate performance. The training behavior indicates that the model did not effectively
enforce weight sharing across all nodes within each respective convolutional layer. Additionally, the configuration lacked
an optimal number of hyperparameters at each layer to ensure a balanced, efficient learning process across the available
data points. Furthermore, this architecture failed to fully capitalize on its capacity to feed integrated outputs from earlier
layers into subsequent processing stages, an ability that is typically crucial for uncovering highly abstract and intricate
feature relationships.

As highlighted by [31], DL methodologies require extensive training datasets to reach peak classification accuracy; when
data points are sparse, these models struggle to properly evaluate feature weights and isolate the highly discriminative
patterns required for reliable prediction. Conversely, our foundational research documented in [21] demonstrated that
conventional machine learning approaches outperform basic DL configurations when analyzing VAs. To move past these
basic DL limitations, we developed and investigated SEDL frameworks.

Our SEDL architectures delivered optimized outcomes compared to standard DL frameworks, successfully exceeding the
80% performance benchmark established in our previous study [21]. This improvement occurred because the stacked
ensemble configuration leveraged iterative model training to combine the unique strengths of each individual base
classifier. These empirical results indicate that SEDL configurations can be deployed effectively for CoD determination
using text narratives alone.

Because DL models inherently function as uninterpretable "black boxes," establishing them as viable alternatives to the
physician-certified gold standard remains challenging. The public health sector routinely exhibits skepticism toward
automated systems for disease diagnosis and prognosis, given that this high-stakes domain demands highly accurate
models that offer transparent interpretability. However, the outcomes of this study position our SEDL framework as a
compelling alternative to manual physician reviews, matching observations reported by [42]. Automated methodologies
naturally reduce human errors and subjectivity, thereby promoting clinical standardization. Additionally, machine learning
architectures scale efficiently to process and analyze massive datasets that would overwhelm human resources.
Automated frameworks are also highly time-saving (minimizing narrative evaluation periods), cost-effective (requiring
fewer resources than manual reviews), immune to human fatigue, and consistent in CoD assignment (as iterative model
training continuously refines diagnostic and prognostic precision).

Gathering accurate information from the relatives of a deceased individual remains a significant barrier within the VA
framework due to the subjective nature of recall bias. The findings of this research offer an opportunity to increase
systemic efficiency by automating text analysis, reducing the manual labor and time required for human review, and
ultimately enhancing VA reporting and clinical decision-making.
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It is important to emphasize that clinical datasets are not always available in massive volumes; when sample sizes are
small or constrained, conventional ML strategies remain preferable. A comparative review between the results achieved
here and our prior study using conventional ML techniques [21] confirms that traditional algorithms deliver superior
classification performance when applied to small sets of VA narratives. Nevertheless, the core novelty of this research lies
in implementing SEDL systems that are made readily interpretable through the integration of LIME. Moreover, the
validation metrics derived from physician reviews present this framework as a highly capable, accurate, and economical
alternative, fostering greater institutional trust in automated public health applications.

This study was constrained by the limited volume of training samples available, which are critical for maximizing the
accuracy of DL architectures. Furthermore, the high degree of clinical lexical variability restricted overall model
performance. The analysis was also limited by the duration of the recall window, which may have introduced recollection
bias into the collected VA records. Additionally, variations in training levels or interviewing approaches among data
collectors could have introduced systematic bias during data collection. Finally, the VA dataset lacked native linguistic
terms, which may restrict the broader generalizability of the findings and limit further optimization of the predictive model.

Conclusion

This investigation demonstrates that our SEDL architecture can be successfully integrated into mortality cause
determination processes alongside human coding and review workflows. Consequently, these insights offer a baseline for
establishing greater trust in algorithmic diagnosis and prognosis within public health domains. Adopting this framework
can ultimately decrease the turnaround time for CoD classification, lower operational costs, reinforce civil registration
frameworks, support health resource allocation, and guide policy formulation. Future research initiatives will focus on
utilizing record linkage methodologies to track under-reported morbidity trends by systematically matching HDSS
population records with NHLS public health data registries.
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