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ABSTRACT
The rapid proliferation of machine learning (ML) methods across clinical medicine
has generated a rich but fragmented body of evidence for chronic disease classification.
Despite consistently high reported accuracy, the literature is characterised by five
systematic methodological limitations: exclusive reliance on binary single-disease
classification tasks, absence of leakage-free preprocessing protocols, lack of
non-parametric statistical validation, omission of probability calibration evaluation,
and minimal integration of explainability frameworks. This narrative review critically
examines 25 representative ML studies spanning musculoskeletal disorders (particularly
disc herniation), inflammatory bowel conditions, fibromyalgia, cardiovascular disease,
and related chronic comorbidities, published between 2012 and 2025. Studies are
analysed thematically across algorithmic approach, task scope, class imbalance strategy,
and methodological rigour. Algorithmic families represented include classical support
vector machines and tree ensembles, deep learning architectures (CNN, LSTM,
U-Net), optimization-enhanced methods (WOA, GGO, PSO, SO), and natural language
processing models (RoBERTa). Across all 25 studies, performance metrics range from
82.47% to 99.9% accuracy, yet none simultaneously addresses multiclass comorbidity
discrimination, leakage-free preprocessing, and model explainability. The review
identifies five critical gaps and maps them to concrete future research directions,
with particular emphasis on the unmet need for a unified multiclass framework
capable of differential diagnosis among clinically overlapping chronic conditions
within fibromyalgia populations. These findings suggest that current ML models are
not yet clinically ready for the differential diagnosis of comorbid chronic conditions
without methodological reform.
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1 Introduction

Chronic non-communicable diseases (NCDs) such as musculoskeletal disorders, gastrointestinal conditions, and psychosomatic
syndromes have become the leading contributors to global morbidity and healthcare expenditure [1, 2]. The complexity of
these diseases (marked by overlapping symptoms, heterogeneous data types, class imbalance, and frequent comorbidities)
poses significant challenges for accurate diagnosis and personalized care [3, 2]. As the prevalence of chronic diseases
continues to rise, so too does the urgency for innovative, data-driven solutions in clinical practice [1].

Machine learning is defined as a subset of artificial intelligence that enables computational systems to learn patterns from
data and improve predictive performance without being explicitly programmed for each task [4, 5]. Comorbidity refers
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to the co-occurrence of two or more chronic conditions in the same individual, which may interact to amplify symptom
burden, complicate differential diagnosis, and reduce the effectiveness of standard therapeutic interventions [3, 2]. Health
informatics is the interdisciplinary field concerned with the acquisition, storage, retrieval, and use of healthcare information
to support clinical decision-making, management, and research [6].

Machine learning (ML) has emerged as a transformative paradigm in healthcare, enabling the automated extraction of
patterns from high-dimensional clinical data and supporting evidence-based decision-making [7, 4]. Recent years have
witnessed an exponential growth in the adoption of ML methods for disease classification, prognosis, and risk stratification
across diverse medical domains [8, 9]. Despite notable advances and impressive reported accuracies, the translation
of ML models to routine clinical workflows remains hindered by several persistent methodological limitations. These
include the predominance of binary, single-disease classification tasks [10, 11]; insufficient control for data leakage during
preprocessing [12, 13]; a lack of rigorous statistical validation [14]; minimal attention to probability calibration [15]; and
limited integration of explainable artificial intelligence (XAI) frameworks [16, 17].

Within this context, the simultaneous classification of multiple co-occurring chronic conditions (known as comorbidity
detection) remains an underexplored yet clinically vital problem [3, 2]. Multiclass comorbidity classification is particularly
relevant in syndromes such as fibromyalgia, where differential diagnosis among overlapping chronic conditions is essential for
effective management [18, 19]. However, existing literature seldom addresses this challenge in a unified, methodologically
robust manner [10, 11, 20].

This narrative review critically examines 25 representative ML studies published between 2012 and 2025, spanning disc
herniation, inflammatory bowel syndrome, fibromyalgia, cardiovascular, and metabolic diseases. A narrative review
synthesizes literature thematically without the formal protocol of a systematic review, allowing broader interpretive scope
across heterogeneous study designs [21]. Unlike prior single-domain surveys that focus exclusively on spinal disorders [10],
gastrointestinal conditions [20], or cardiovascular disease [11] in isolation, the present review provides the first unified
cross-domain synthesis of 25 ML studies across five clinical domains under a uniform six-dimension methodological
quality framework. This novelty claim is specifically scoped to the combination of: (1) cross-domain coverage spanning
musculoskeletal, gastrointestinal, fibromyalgia, cardiovascular, and metabolic domains simultaneously; (2) a uniform
methodological quality audit applied across all included studies; and (3) a primary clinical focus on the unmet need for
multiclass comorbidity classification within fibromyalgia populations, a problem not addressed by any existing review.

It is also important to distinguish between two related but distinct classification formulations addressed in this domain.
Multiclass classification assigns each patient to exactly one class from a set of 𝐾 > 2 mutually exclusive diagnostic
categories (e.g., No Comorbidity / Disc Herniation / IBS), which is appropriate when a single dominant comorbidity label
is clinically actionable. Multi-label classification permits simultaneous assignment to multiple classes and would be
appropriate when a patient may present with both DH and IBS concurrently. The present review focuses on multiclass
differential diagnosis consistent with the clinical structure of fibromyalgia assessment datasets, while acknowledging that
multi-label formulations represent a promising future direction (Section 11).

The review analyzes trends in algorithmic approaches, task scope, class imbalance strategies, and methodological rigor. It
identifies and synthesizes five cross-cutting methodological gaps that limit the clinical translation and generalizability of
current ML models. By highlighting these gaps and proposing concrete research directions, this review aims to foster the
development of next-generation ML frameworks for chronic disease classification and comorbidity detection.

Review Objectives

This review is guided by the following research objectives:

RO1 – Map the algorithmic landscape: Characterize the distribution of ML algorithmic families applied to chronic
disease classification across musculoskeletal, gastrointestinal, fibromyalgia, cardiovascular, and metabolic domains
(2012–2025).

RO2 – Evaluate task scope: Assess the prevalence and limitations of binary vs. multiclass classification formulations and
identify the gap in comorbidity-aware multiclass frameworks.

RO3 – Audit methodological rigour: Evaluate the degree to which reviewed studies implement leakage-free preprocessing,
class imbalance correction, statistical validation, and probability calibration.

RO4 – Assess explainability integration: Determine the extent to which XAI methods, particularly SHAP-based feature
attribution, are employed and reported with per-class clinical interpretation.

RO5 – Identify gaps and future directions: Synthesize cross-cutting methodological deficiencies and map them to
concrete, prioritized future research directions.
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Principal Contributions

This review makes the following original contributions to the literature:

C1 – Comprehensive thematic synthesis: A structured thematic synthesis of 25 ML studies across five clinical domains,
providing the first unified cross-domain analysis covering disc herniation, IBS, fibromyalgia, cardiovascular, and
metabolic disease classification.

C2 – Methodological quality audit: A six-dimension methodological quality assessment covering accuracy reporting,
AUC, multiclass scope, leakage-free preprocessing, statistical validation, and XAI, applied uniformly across 25
studies and visualized as a quality heatmap.

C3 – Algorithmic taxonomy: A hierarchical taxonomy of ML approaches organized by clinical domain and algorithmic
family, enabling rapid identification of under-explored algorithm–domain combinations.

C4 – Five-gap framework: Formal identification and characterization of five cross-cutting methodological gaps as a
structured agenda for future research.

C5 – Evidence-based future roadmap: A prioritized future research roadmap mapping each identified gap to a concrete
methodological direction, grounded in the cross-study evidence base.

Figure 1: Publication trend of reviewed ML studies in clinical medicine (2012–2025).

The remainder of this paper is organized as follows. Section 2 describes the literature scope, inclusion criteria, and the
25 reviewed studies. Section 3 provides an overview of the nine machine learning algorithm families and compares
them across interpretability, calibration, sample efficiency, and multiclass suitability. Section 4 surveys ML applications
in musculoskeletal, gastrointestinal and fibromyalgia, systemic and metabolic, and signal-based domains. Section 8
presents the cross-cutting methodological analysis and formal identification of five systematic gaps. Section 9 proposes a
gold-standard pipeline to address these gaps simultaneously. Section 10 outlines future research directions, and Section 11
concludes the review.

2 Literature Scope and Review Approach

This review covers peer-reviewed ML studies addressing chronic disease classification with relevance to disc herniation,
IBS, fibromyalgia, and related comorbidities, identified through PubMed, Scopus, and IEEE Xplore searches supplemented
by citation tracking. The 25 included studies (Table 2) represent the breadth of algorithmic families, clinical domains, and
methodological approaches present in the literature (2012–2025). Study selection followed the inclusion and exclusion
criteria summarized in Table 1. Figure 2 illustrates the distribution of algorithmic families across the reviewed studies.
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A narrative review is a form of knowledge synthesis that critically examines, summarizes, and interprets published
literature on a topic without the formal database search protocols and quantitative pooling of systematic reviews [21].
Class imbalance refers to datasets in which the number of instances belonging to different classes differs substantially,
leading classifiers to favor the majority class and producing misleading accuracy estimates on the minority class [13, 22]. A
leakage-free preprocessing protocol is one in which all data transformation steps, including missing value imputation,
feature standardization, feature selection, and class resampling, are fitted exclusively on the training portion of each
cross-validation fold and applied (without refitting) to the corresponding held-out validation portion. This prevents any
information about validation samples from influencing the preprocessing steps, ensuring that reported performance estimates
reflect genuine generalization to unseen clinical data rather than artificially inflated estimates [12, 23].

Figure 2: Algorithmic family distribution across the 25 reviewed studies. Tree ensembles and deep learning collectively
represent more than half of approaches; optimization-enhanced methods are predominantly a 2024–2025 phenomenon.

Table 1: Inclusion and Exclusion Criteria for Study Selection.

Inclusion Criteria Exclusion Criteria

Peer-reviewed ML/DL study Purely theoretical studies without empirical data

Chronic disease classification or prediction task Studies addressing acute conditions only

Quantitative performance metric reported (accuracy,
AUC, F1, or equivalent)

Non-English publications

English language publication Conference abstracts without full methodology

3 Overview of ML Algorithm Families

The 25 reviewed studies collectively employ nine distinct ML algorithm families. This section provides a critical overview
of each family’s suitability for chronic disease classification, emphasizing calibration, sample efficiency, interpretability,
and multiclass capability, the dimensions most relevant to the five identified gaps.

Supervised learning trains a model on labeled pairs {(x𝑖 , 𝑦𝑖)}𝑁𝑖=1 [5]. Ensemble methods combine multiple base
learners for lower variance and improved robustness [45]. Explainable AI (XAI) makes model outputs interpretable to
clinicians [17, 16].
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Table 2: Summary of the 25 Reviewed ML Studies for Chronic Disease Classification (2012–2025).

Reference Author Year Dataset Task Algorithm Performance Limitation Gap Profile

[24] Ghosh et
al.

2012 318 lumbar
discs

Disc localization HOG + SVM 99% Binary; single
modality

G1,G2,G3,G4,G5

[11] Ganiger
et al.

2018 Chronic
disease data

Disease prediction RF, DT, SVM RF best Limited feature
engineering

G1,G2,G3,G4,G5

[25] Rahman
et al.

2019 310 patients Low back pain
classif.

RF 94% Small dataset;
binary

G1,G2,G3,G4,G5

[26] Nikravan
et al.

2018 Lumbar MR
images

Herniated disc
detection

SVM, MLP,
KNN

95.23% Binary; imaging
only

G1,G2,G3,G4,G5

[27] Rady et
al.

2019 Kidney disease
data

CKD stage
prediction

PNN, MLP,
SVM, RBF

PNN best Limited features G1,G2,G3,G4,G5

[20] Hussain
et al.

2020 804 CD
patients

Flare-up
prediction

Logistic
Regression

90% Single disease G1,G2,G3,G4,G5

[28] Mbarki
et al.

2020 Lumbar MRI Herniation
classification

U-Net, VGG16 94% High
complexity;
binary

G1,G2,G3,G4,G5

[29] Kukker
et al.

2021 EEG data Seizure
classification

Genetic Fuzzy
Q-Lrn.

96.79% Epilepsy only G1,G2,G3,G4,G5

[10] Alsmirat
et al.

2022 MRI scans Disc herniation
detection

CNN models 95.56% Binary; imaging
only

G1,G2,G3,G4,G5

[30] Pal et al. 2022 COVID-19
symptom data

Prognosis k-NN 97.97% Single disease G1,G2,G3,G4,G5

[31] Pal et al. 2022 Cardiovascular
data

CVD prediction MLP 82.47% Binary only G1,G2,G3,G4,G5

[18] Acharya
et al.

2023 139 ECG
signals

Fibromyalgia
diagnosis

k-NN, SVM 93.87% Small dataset;
binary

G1,G2,G3,G4,G5

[32] Sarker et
al.

2023 Social media
posts

Chronic pain
detection

RoBERTa F1=0.84 Text-based only G1,G2,G3,G4,G5

[33] Elshewey
et al.

2025 Heart disease
data

Classification GGO + LSTM 99.58% Binary only G1,G2,G3,G4,G5

[34] Tarek et
al.

2025 CVD data Early detection SO + ML 99.9% CVD only G1,G2,G3,G4,G5

[35] Elshewey
et al.

2024 EEG dataset Eye state classif. MBER + KNN 96.12% Specialized;
binary

G1,G2,G3,G4,G5

[36] El-Rashidy
et al.

2025 MIMIC-III
data

Ventilation/mortality PSO + MTL 94–97% ICU-specific G1,G2,G3,G4,G5

[37] Elshewey
et al.

2024 310 instances Orthopedic classif. BFS-RF 99.41% Small dataset;
binary

G1,G2,G3,G4,G5

[38] Ramesh
et al.

2025 CKD clinical
data

Early CKD
detection

Optimized MLP
+ FS

High acc. Binary; no
multiclass

G1,G2,G3,G4,G5

[39] Kangra
et al.

2025 Diabetes
clinical data

Diabetes
prediction

Hybrid ML +
Boruta

High AUC Single disease G1,G2,G3,G4,G5

[40] Terlapu
et al.

2025 Liver disease
data

Liver disease
classif.

MLP + WOA Improved Algorithm
complexity

G1,G2,G3,G4,G5

[41] Kishan et
al.

2025 QoL/healthcare
data

Quality of life
assessment

Neural +
clustering

Good Indirect
prediction

G1,G2,G3,G4,G5

[42] Vodnala
et al.

2025 Cough sound
dataset

COPD/asthma
classif.

FS + ML Effective Specialized;
binary

G1,G2,G3,G4,G5

[43] Raj et al. 2025 Lung disease
data

Diffuse lung
classif.

ML + SMOTE Better Class imbalance
focus

G1,G2,G3,G4,G5

[44] Amalia
et al.

2025 Celiac dataset Celiac disease
detection

DL + balancing Improved Specific disease;
binary

G1,G2,G3,G4,G5

G1: binary-only scope G2: preprocessing leakage G3: no statistical validation G4: no calibration G5: no XAI *partial XAI

3.1 Tree-Based Methods

Decision trees partition the feature space by minimizing the Gini impurity [46]:

𝐺 (𝑡) = 1 −
𝐾−1∑︁
𝑘=0

𝑝2
𝑡 ,𝑘 (1)

Single trees are highly interpretable but overfit on small high-dimensional datasets. Random Forest [47] mitigates this
by aggregating 𝑇 decorrelated trees via majority vote, the most frequently used algorithm in the reviewed studies (n=7).
Extra Trees [48] further randomizes split thresholds, reducing variance at the cost of a marginal bias increase. Both
ensemble variants are well-suited to the small, high-dimensional clinical cohorts prevalent in this domain and support native
multiclass prediction without modification. Their primary limitation is the requirement for Platt calibration to produce
reliable posterior probabilities for threshold-based clinical deployment.
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3.2 Boosting Methods

Gradient Boosting [49], XGBoost [50], and AdaBoost [51] iteratively minimize a loss function by adding weak learners.
These methods consistently achieve top accuracy in the reviewed literature and support native multiclass classification.
XGBoost augments gradient boosting with explicit ℓ2 regularization, improving generalization on tabular clinical data. The
critical limitation of all boosting methods in the comorbidity context is their opacity: without SHAP attribution [16], the
clinical basis of predictions cannot be audited, directly contributing to Gap 5 (absence of XAI) identified in Section 8.

3.3 Support Vector Machines

SVMs [52] maximize the decision margin in a kernel-transformed feature space. The RBF kernel 𝐾 (x, x′) = exp(−𝛾∥x −
x′∥2) handles non-linear boundaries effectively. However, SVMs do not produce native probability outputs and require
post-hoc Platt calibration [15], introducing an additional modeling step that is absent from all 25 reviewed studies,
contributing to Gap 4 (no calibration analysis).

3.4 Linear and Probabilistic Classifiers

Logistic Regression [53] applies the softmax function and produces natively calibrated probabilities at minimal inference
latency, making it the optimal candidate for real-time clinical deployment. LDA [54] assumes Gaussian class-conditional
distributions with shared covariance, which may be violated in heterogeneous psychometric datasets. Naïve Bayes [55]
assumes conditional feature independence, a strong assumption that limits its discriminative power in correlated clinical
feature spaces.

3.5 Instance-Based and Neural Methods

KNN [56] classifies via distance-weighted majority vote and is highly sensitive to high-dimensional synthetic feature
spaces produced by SMOTE oversampling, a practical concern for small clinical cohorts with class imbalance. MLP [57]
with ReLU activations and cross-entropy loss achieves competitive accuracy but requires large training sets; on cohorts
of 𝑛 < 200, MLP consistently underperforms ensemble methods due to insufficient gradient signal for effective weight
optimization.

3.6 Optimization-Enhanced Methods

A notable 2024–2025 trend couples metaheuristic optimizers (WOA, GGO [33], PSO [36]) with ML classifiers for feature
selection and hyperparameter tuning. These hybrid approaches frame training as:

w∗ = arg min
w∈W

L(w) + 𝜆Ω(w) (2)

where Ω(w) is a regularization term solved via population-based search rather than gradient descent. These methods
consistently report accuracy gains in binary classification settings, yet their behavior in multiclass, class-imbalanced
comorbidity contexts remains uncharacterized. Critically, explainability is absent from all hybrid approaches in the reviewed
literature. Three practical strategies can integrate SHAP transparency into these pipelines: (1) post-hoc SHAP on the
converged model using TreeExplainer or KernelSHAP; (2) SHAP-guided fitness functions that penalise instability in feature
attributions across optimization iterations; and (3) optimization trajectory logging to provide operational transparency to
clinical reviewers. None of the reviewed optimization-enhanced studies implemented any of these strategies, highlighting a
concrete avenue for future methodological development.

3.7 Comparative Summary

Table 3 compares all algorithm families across seven dimensions, including a new Multiclass Suitability column that is
directly relevant to Gap 1 (binary-only task scope).

Tree-based ensembles offer the most favorable accuracy–interpretability–sample-efficiency trade-off for small clinical cohorts.
Logistic Regression remains the optimal accuracy-efficiency candidate for real-time deployment. Optimization-enhanced
methods demonstrate promising accuracy gains but score lowest on multiclass suitability, underscoring an important future
research direction.
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Table 3: Comparative overview of ML algorithm families. H=High, M=Medium, L=Low; 𝑛=reviewed studies.

Family Interpret. Prob.
Calib.

Small 𝑛 Imbalance Cost Multiclass 𝑛

Decision Tree H M M H L H 4
Random Forest M M H M M H 7
Extra Trees M M H M M H 3
Grad. Boosting L M H M M H 4
XGBoost L M H M M H 3
AdaBoost L M M H M M 2
SVM (RBF) L L† H L M M 8
Logistic Reg. H H H L L H 5
LDA H H H M L H 2
Naïve Bayes H M H H L H 2
KNN M M M M L H 4
MLP L M L M H H 5
Optim.+ML L M M M H L 6
† Requires Platt calibration. Multiclass: native support without one-vs-rest wrapper.

4 ML for Musculoskeletal and Spinal Disease Classification

Early ML approaches to spinal disorder classification span both imaging-based and clinical feature-based paradigms, as
reviewed in the subsections below.

4.1 Imaging-Based Disc Herniation Classification

Ghosh et al. [24] (2012) achieved 99% accuracy for lumbar disc localization using HOG combined with SVM on 318
lumbar discs from 53 clinical cases, an early landmark demonstrating ML feasibility for spinal image analysis. The approach
is limited to binary imaging-based classification and single modality input, precluding application to multi-instrument
comorbidity contexts.

Nikravan et al. [26] (2018) benchmarked SVM, MLP, and KNN for herniated disc detection on lumbar MR images, achieving
91.9–95.23% accuracy. Mbarki et al. [28] (2020) introduced U-Net segmentation followed by VGG16 classification,
reporting 94% accuracy but with high model complexity. Alsmirat et al. [10] (2022) applied CNN models to MRI scans
for binary disc herniation detection at 95.56%. All three share the same limitation: binary-only task scope and exclusive
reliance on imaging modalities.

4.2 Clinical Feature-Based Spinal Disorder Classification

Structured clinical data offers a complementary pathway to imaging-based classification, as demonstrated by two
representative studies. Rahman et al. [25] (2019) applied Random Forest to 310 patients described by 12 clinical features
for low back pain classification, achieving 94% accuracy. While demonstrating the viability of structured clinical data for
spinal disorder classification, the small feature set and binary task structure limit generalizability. Elshewey et al. [37]
(2024) achieved 99.41% accuracy for orthopedic disease classification on 310 instances using BFS-RF, demonstrating
strong ensemble performance on structured clinical data, though again in a binary context with a small, single-site cohort.

Across all six musculoskeletal studies, Gaps G1–G5 apply uniformly: all adopt binary-only task scope (Gap 1), none
implements explicit within-fold preprocessing (Gap 2), none reports statistical validation or confidence intervals (Gap 3),
none evaluates calibration metrics (Gap 4), and none provides feature attribution (Gap 5). The consistent accuracy range
of 94–99.41% confirms that both imaging and clinical feature approaches are viable, yet neither has been extended to
multiclass comorbidity discrimination.

5 ML for Chronic Non-Musculoskeletal Disease

Beyond spinal disorders, ML has been applied across gastrointestinal, cardiovascular, metabolic, and respiratory chronic
disease domains, as surveyed in the following subsections.
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5.1 Gastrointestinal and Inflammatory Disease

Hussain et al. [20] (2020) applied logistic regression to 804 Crohn’s disease patients for flare-up prediction, achieving
90% accuracy. Despite the relatively large cohort, the study is limited to a single disease and binary outcome, without
comorbidity modeling. Amalia et al. [44] (2025) employed deep learning with oversampling/undersampling balancing
for celiac disease detection in a mobile application context, reporting improved balanced accuracy. The class-imbalance
correction strategy adopted by Amalia et al. is conceptually sound, though their approach applies balancing outside a formal
leakage-prevention framework.

5.2 Cardiovascular and Metabolic Disease

Pal et al. [31] (2022) applied MLP to cardiovascular data for CVD prediction at 82.47% accuracy, the lowest reported
performance in Table 2, highlighting the limitations of single-layer neural networks without optimization for structured
clinical tabular data. Tarek et al. [34] (2025) achieved 99.9% accuracy for early CVD detection using SO+ML, while
El-Rashidy et al. [36] reported 94.4–97.1% accuracy for ICU ventilation and mortality prediction on MIMIC-III data using
PSO-optimized multi-task learning. Both demonstrate performance gains achievable through metaheuristic optimization,
though both remain binary-only and disease-specific.

Rady et al. [27] (2019) addressed CKD stage prediction using PNN, MLP, SVM, and RBF classifiers, with PNN achieving
the best performance but with limited features. Ramesh et al. [38] (2025) extended this domain with an optimized MLP
combined with feature selection for early CKD detection, achieving high accuracy but remaining binary-only.

kangra et al. [39] (2025) applied hybrid ML with Boruta feature selection to diabetes clinical data, reporting high AUC
with robust comparison, but limited to a single disease with restricted modalities.

5.3 Other Chronic Conditions

Terlapu et al. [40] (2025) achieved improved accuracy for liver disease classification using MLP optimized by WOA, though
the approach suffers from algorithm complexity and limited feature scope. Vodnala et al. [42] (2025) applied feature
selection combined with ML for COPD/asthma classification from cough sound datasets, achieving effective feature-based
classification but constrained to specialized audio data and binary outcomes. Kishan et al. [41] (2025) employed neural
networks combined with clustering for quality-of-life assessment across healthcare datasets, reporting good predictive
value, though the approach provides indirect rather than direct disease prediction.

studies exhibit Gaps 1–5 uniformly. The optimization-enhanced methods (WOA, GGO, PSO) show the highest reported
accuracy gains but also the lowest interpretability, compounding Gap 5. The cardiovascular studies demonstrate that
metaheuristic optimization can push binary accuracy above 99%, yet this does not translate to multiclass comorbidity
settings (Gap 1) and no calibration analysis accompanies any of these high-accuracy claims (Gap 4). In sum, all 17
non-musculoskeletal studies reviewed exhibit Gaps G1–G5 uniformly, with no study simultaneously addressing multiclass
scope, leakage-free preprocessing, statistical validation, calibration, and explainability.

6 ML for Fibromyalgia and Psychosomatic Comorbidities

Fibromyalgia represents the most clinically relevant domain for multiclass comorbidity classification given its well-established
co-occurrence with disc herniation and IBS. The following studies examine ML approaches within this domain.

Acharya et al. [18] (2023) demonstrated ML-based fibromyalgia diagnosis via quantum-inspired feature extraction from
139 single-lead ECG signals using k-NN and SVM, achieving 93.87% binary classification accuracy. While this is the
study most directly relevant to the FM-DH-IBS comorbidity context, its signal modality (ECG), sample size (𝑛 = 139),
and binary scope (FM vs. non-FM) differ substantially from a multi-instrument, three-class formulation. ECG signals
do not encode gastrointestinal or spinal pathology signatures, which limits this approach to FM detection rather than FM
comorbidity discrimination.

Sarker et al. [32] (2023) leveraged RoBERTa natural language processing for chronic pain cohort identification from social
media, reporting F1 = 0.84, an innovative but text-specific approach inapplicable to structured psychometric instrument
data.
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Why Symptom-Based ML Fails for FM Comorbidity Detection

Current symptom-based ML approaches for fibromyalgia face three specific structural limitations that prevent effective
multiclass comorbidity discrimination:

1. Shared symptom space. FM, DH, and IBS share a substantial common symptom profile (fatigue, chronic pain,
sleep disturbance, and cognitive impairment) that is captured by aggregate instruments such as the WPI and SSS
total scores. Binary symptom-based classifiers exploit this shared signal to distinguish FM from healthy controls
but cannot resolve the within-FM comorbidity structure, where the discriminating signal lies in the sub-item and
inter-instrument variation rather than the aggregate score.

2. Aggregate score collapse. When aggregate WPI and SSS total scores are used as features, the sub-item variation
that discriminates DH (musculoskeletal and anxiety-tension features, particularly HAMA sub-items) from IBS
(gastrointestinal somatic SSS sub-items) is collapsed into a single scalar value. No existing reviewed study uses
item-level psychometric features for comorbidity discrimination.

3. Absence of inter-instrument correlations. The established clinical association between HAMA-Tension subscale
scores and DH-specific tender-point distributions, and between SSS somatic sub-items and IBS visceral sensitivity,
represents discriminative cross-instrument signal that no current ML model exploits. Per-class SHAP attribution is
precisely the mechanism needed to identify and validate such inter-instrument feature interactions.

These structural limitations directly motivate the five-gap framework presented in Section 8. The absence of multiclass
comorbidity classification within fibromyalgia populations across all reviewed studies represents the most clinically
significant gap identified in this review.

Across both fibromyalgia studies reviewed, Gaps G1–G5 apply uniformly. The ECG-based and text-based modalities
demonstrate innovative signal processing, yet neither can be extended to multiclass comorbidity discrimination using
structured psychometric instrument data, the clinical context where differential diagnosis among NC, DH, and IBS is most
needed.

7 Specialized Signal-Based and EEG Classification

A subset of reviewed studies addresses chronic disease classification using specialized signal modalities, including EEG,
physiological sensors, and symptom-based IoT data. These approaches demonstrate strong within-domain performance but
are not generalizable to multi-instrument comorbidity contexts.

Kukker et al. [29] (2021) applied Genetic Fuzzy Q-Learning for EEG-based seizure classification, achieving 96.79%
accuracy. Pal et al. [30] (2022) applied k-NN to COVID-19 symptom data for prognosis prediction at 97.97% accuracy,
demonstrating strong performance of instance-based methods on symptom data in a binary context. Elshewey et al. [35]
(2024) achieved 96.12% accuracy for EEG-based eye state classification using MBER+KNN, while Elshewey et al. [33]
(2025) achieved 99.58% for heart disease classification using GGO+LSTM. Both demonstrate excellent performance within
specialized signal domains but without generalization to multi-instrument comorbidity classification.

Ganiger et al. [11] (2018) benchmarked RF, DT, and SVM for chronic disease prediction, with RF achieving the best results,
but without formal feature engineering or leakage-prevention protocols.

universally exhibit all five gaps. These approaches are the most technically specialized in the reviewed literature yet
remain the furthest from clinical comorbidity classification: their signal modalities (EEG, ECG, cough audio) encode
domain-specific pathology but do not generalize to the multi-instrument psychometric feature space required for FM
comorbidity discrimination.

Across all signal-based and EEG studies reviewed, Gaps G1–G5 apply uniformly. These approaches achieve strong
within-domain performance but are not generalizable to multi-instrument comorbidity contexts; their signal modalities
encode domain-specific pathology signatures that do not extend to the psychometric feature space required for FM
comorbidity discrimination.

Figure 3 contextualizes reported accuracy against publication year across all studies with numeric performance values,
with bubble size proportional to dataset size.
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Figure 3: Reported accuracy vs. publication year for studies with numeric performance values (𝑛 = 17). Bubble size ∝
dataset size; color = clinical domain.

8 Cross-Cutting Methodological Analysis and Identified Gaps

Before examining the five identified gaps, key methodological concepts are defined for clarity. Data leakage occurs when
information from outside the training dataset is used during model development, resulting in overly optimistic performance
estimates that fail to generalize to real-world clinical data [12, 23]. Probability calibration refers to the alignment between
predicted class probabilities and observed outcome frequencies; a well-calibrated model produces probability outputs that
are directly interpretable as clinical risk estimates [15]. SHAP (SHapley Additive exPlanations) is a game-theoretic
framework that assigns each input feature a contribution value to the model output, providing consistent and locally accurate
feature attribution grounded in cooperative game theory [16, 58].

8.1 Class Imbalance and Leakage

Only Raj et al. [43] and Amalia et al. [44] explicitly address class imbalance. Critically, applying SMOTE outside
cross-validation folds allows synthetic instances derived from held-out samples to contaminate training, an empirically
validated form of data leakage [12, 23]. None of the 25 studies explicitly reports within-fold SMOTE application.

8.2 Explainability

Only Acharya et al. [18] and Kangra et al. [39] provide partial feature attribution. None applies SHAP [16] with per-class
decomposition, which is essential for comorbidity classification where per-class feature attribution is clinically actionable.

8.3 Statistical Validation

All 25 studies report performance as point estimates without confidence intervals, omnibus testing, or correction for multiple
comparisons. The Friedman test [14] provides the appropriate non-parametric omnibus statistic:

𝜒2
𝐹 =

12𝑁
𝑘 (𝑘 + 1)

𝑘∑︁
𝑗=1

𝑅2
𝑗 − 3𝑁 (𝑘 + 1) (3)

where 𝑁 is the number of datasets, 𝑘 is the number of classifiers, and 𝑅 𝑗 is the mean rank of classifier 𝑗 . Post-hoc
Bonferroni-corrected Wilcoxon pairwise comparisons [59] with Cohen’s 𝑑 effect sizes are required for credible multi-classifier
benchmarking.
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8.4 No Calibration Analysis

No reviewed study evaluates probability calibration. The Brier Score [60] quantifies calibration as:

BS =
1
𝑁

𝑁∑︁
𝑖=1

( 𝑓𝑖 − 𝑜𝑖)2 (4)

where 𝑓𝑖 is the predicted probability and 𝑜𝑖 ∈ {0, 1} is the observed outcome. A perfectly calibrated model achieves
BS = 0; random prediction yields BS = 0.25. This metric is critical for threshold-based clinical decision support, yet
absent from all 25 reviewed studies.

Figure 4 provides a methodological quality heatmap for 16 representative studies across six key dimensions, illustrating the
degree to which each study addresses accuracy reporting, AUC, multiclass scope, leakage-free preprocessing, statistical
validation, and explainability.

Study Accuracy
Reported

AUC
Reported

Multiclass
Scope

Leakage-free
Preprocessing

Statistical
Validation

XAI /
Explainability

Ghosh (2012) ✓✓ ✓ × × × ×
Nikravan (2018) ✓✓ ✓ × × × ×
Rahman (2019) ✓✓ ✓ × × × ×
Hussain (2020) ✓✓ ✓✓ × × × ×
Mbarki (2020) ✓✓ ✓ × × × ×
Kukker (2021) ✓✓ ∼ × × × ×
Alsmirat (2022) ✓✓ ✓ × × × ×

Pal (2022) ✓✓ ✓ × × × ×
Acharya (2023) ✓✓ ✓ × × × ∼
Sarker (2023) ∼ ✓ × × × ×

Elshewey (2024) ✓✓ ∼ × × ∼ ×
El-Rashidy (2025) ✓✓ ✓✓ × ∼ ∼ ×
Elshewey (2025) ✓✓ ∼ × × ∼ ×
Ramesh (2025) ✓✓ ∼ × ∼ ∼ ×
Kangra (2025) ✓✓ ✓✓ × ∼ ∼ ∼

Raj (2025) ✓✓ ∼ × ∼ ∼ ×

✓✓ Excellent ✓ Present ∼ Partial × Absent

Figure 4: Methodological quality heatmap – 16 representative studies across 6 dimensions. ✓✓=Excellent; ✓=Present;
∼=Partial; ×=Absent. The consistent pattern of high accuracy reporting paired with absent leakage controls, validation, and
explainability is clearly visible.

8.5 Summary of Five Identified Gaps

Cross-cutting analysis of the 25 reviewed studies reveals five systematic methodological deficiencies that apply uniformly
across all clinical domains and algorithmic families. Table 4 summarizes each gap, its evidence base in the reviewed
literature, and the corresponding future research direction. Figure 5 complements this summary by comparing the average
methodological coverage of the 25 reviewed studies against the ideal future study profile, highlighting the dimensions where
the greatest improvement is needed.

Taken together, these five gaps define a coherent methodological agenda for next-generation chronic disease classification
research. Addressing them simultaneously within a single, reproducible pipeline represents the critical next step toward
clinically credible and translationally relevant ML frameworks.

Figure 6 presents a comprehensive taxonomy of ML approaches across clinical domains, organized by algorithmic family
and disease category. The taxonomy visually confirms that the five identified gaps (Table 4) span all branches uniformly,
reinforcing the finding that no reviewed domain has addressed them simultaneously. Figure 5 further quantifies this
coverage deficit against the ideal methodological profile.

9 Recommended Gold Standard Pipeline

Building on the Ideal Future Study Profile (Figure 5), we propose the following Gold Standard pipeline for multiclass
comorbidity classification, specifying the exact operational sequence and design parameters:
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Figure 5: Radar chart comparing methodological coverage: average of 25 prior studies (grey dashed), best single prior
study (blue dotted), and ideal future study profile (green). The gap is largest on multiclass scope, leakage-free preprocessing,
and statistical validation.

Table 4: Five Identified Methodological Gaps and Future Research Directions.

Identified Gap Evidence from Reviewed Studies Future Direction

Binary-only task scope All 25 studies address single-disease binary
classification; none performs multiclass
comorbidity discrimination.

Unified multiclass frameworks for
differential diagnosis of co-occurring
conditions.

Preprocessing data
leakage

No study explicitly reports within-fold
imputation, standardization, feature selection,
or resampling.

Leakage-free preprocessing protocols with
formal fold-wise execution map.

Absent statistical
validation

All studies report point estimates only; no
omnibus testing, pairwise correction, or effect
sizes.

Friedman omnibus test +
Bonferroni-corrected Wilcoxon
comparisons with Cohen’s 𝑑.

No calibration analysis No study evaluates Brier Scores, log-loss, or
reliability curves.

Systematic probability calibration
evaluation across all classifier families.

Absence of XAI / SHAP Only 2 of 25 studies provide partial attribution;
none applies per-class SHAP decomposition.

SHAP TreeExplainer with global rankings
and per-class beeswarm decompositions.

1. Data collection. Multi-instrument psychometric assessment at item level (HAM-A, FIQ-R, WPI, SSS sub-items)
combined with structured EHR data from ≥3 clinical sites. Minimum recommended sample: 𝑛 ≥ 200 per comorbidity
class (based on power analysis for 10-fold CV with Friedman testing at 𝛼 = 0.05, power = 0.80, 𝐾 = 5 classifiers).

2. Leakage-free preprocessing (within each fold). (i) KNN imputation (𝑘 = 2); (ii) MICE refinement (𝑇max = 20);
(iii) z-score standardization using training-fold statistics only; (iv) mutual information feature selection (𝐾 = 100).
All estimators are fitted exclusively on training folds and applied without refitting to held-out validation folds.

3. Class imbalance correction (within each fold). SMOTE with 𝑘 = 1 applied to training folds only. Held-out folds
retain the original class distribution to provide unbiased performance estimates.

4. Model training. Benchmark ≥10 classifiers spanning at least four algorithm families under 10-fold stratified
cross-validation with a nested 5-fold inner loop for hyperparameter search.

5. Statistical validation. Friedman omnibus test on per-fold accuracy vectors, followed by Bonferroni-corrected
Wilcoxon signed-rank pairwise comparisons for all

(𝐾
2
)

model pairs. Report Cohen’s 𝑑 and Cliff’s 𝛿 effect sizes
alongside 𝑝-values.
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Machine Learning for Chronic Disease Classification

Musculoskeletal
& Spinal

Gastrointestinal
& Fibromyalgia

Systemic
& Metabolic

Imaging
Based

Clinical
Features

Bowel &
GI Disease

Fibromyalgia
& Chronic Pain

Cardio-
vascular

Metabolic &
Optimization

Ghosh (2012)
HOG+SVM · 99%

Mbarki (2020)
U-Net+VGG16 · 94%

Alsmirat (2022)
CNN · 95.56%

Nikravan (2018)
SVM/MLP · 95.23%

Rahman (2019)
Random Forest · 94%

Elshewey (2024)
BFS-RF · 99.41%

Ganiger (2018)
RF / DT / SVM

Hussain (2020)
Log. Regression · 90%

Amalia (2025)
DL + Balancing

Raj (2025)
ML + SMOTE

Acharya (2023)
k-NN/SVM · 93.87%

Sarker (2023)
RoBERTa · F1 = 0.84

Pal (2022)
k-NN · 97.97%

Rady (2019)
PNN, CKD Staging

Tarek (2025)
SO+ML · 99.9%

El-Rashidy (2025)
PSO+MTL · 97.1%

Elshewey (2025)
GGO+LSTM · 99.58%

Kangra (2025)
Boruta + ML

Vital (2025)
MLP + WOA

Ramesh (2025)
Optimized MLP

Vodnala (2025)
FS+ML · COPD

Five Cross-Cutting Methodological Gaps – Present Uniformly Across All 25 Reviewed Studies

1O Binary-only
Task Scope

2O Preprocessing
Data Leakage

3O No Statistical
Validation

4O No Calibration
Analysis

5O No XAI /
SHAP

Musculoskeletal & Spinal

Gastrointestinal & Fibromyalgia

Systemic & Metabolic

Identified Methodological Gap

Legend

Figure 6: Taxonomy of ML approaches for chronic disease classification, organized by clinical domain. Leaf nodes show
key study and reported performance. The five cross-cutting methodological gaps (bottom) apply uniformly across all
branches.

6. Probability calibration. Evaluate Brier Score and log-loss via out-of-fold predictions. Plot reliability curves per
class. Apply Platt calibration post-hoc for models without native probabilistic outputs (e.g. SVM).

7. Explainability. Apply SHAP TreeExplainer for the best-performing model: global feature importance rankings,
per-class beeswarm decompositions, and dependence plots for the top discriminating features.

Table 5 provides a quick-reference summary of the seven pipeline steps with key parameters.

Table 5: Quick-Reference Summary of the Seven Gold Standard Pipeline Steps.

Step Stage Key Method Key Parameter

1 Data Collection Multi-instrument + EHR 𝑛 ≥ 200 per class; ≥3 sites
2 Preprocessing KNN + MICE + z-score + MI Within-fold only; 𝐾=100 features
3 Imbalance Correction SMOTE 𝑘=1; training folds only
4 Model Training ≥10 classifiers 10-fold CV; nested 5-fold inner loop
5 Statistical Validation Friedman + Wilcoxon Bonferroni correction; Cohen’s 𝑑
6 Calibration Brier Score + reliability Platt post-hoc for SVM
7 Explainability SHAP TreeExplainer Per-class beeswarm + dependence
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Figure 7: Recommended gold standard pipeline for multiclass comorbidity classification, organized by phase. The seven
operational steps span three phases: Data & Preprocessing, Model Development, and Validation & Explanation. The five
cross-cutting methodological gaps (bottom) are simultaneously addressed by this pipeline.

10 Future Work

Future work should address the five identified gaps simultaneously within the Gold Standard pipeline above:

1. External multi-site validation. Prospective validation on independent cohorts from ≥3 clinical sites with different
recruitment protocols and patient demographics.

2. Expanded comorbidity label space. Extension to psychiatric comorbidities (depression, anxiety disorders) and
metabolic conditions (type 2 diabetes, hypothyroidism) using multi-site datasets with 𝑛 ≥ 200 per class.

3. Multi-label classification formulations. Future datasets should capture simultaneous co-occurrence of multiple
comorbidities (e.g. a patient with both DH and IBS), requiring multi-label rather than multiclass classification
frameworks.

4. SHAP integration with optimization-enhanced methods. As detailed in Section 3.6, post-hoc TreeExplainer or
KernelSHAP applied to converged hybrid models can make optimization-enhanced pipelines clinically transparent.

5. Federated learning. Privacy-preserving federated learning across clinical sites would enable model training on
larger, more diverse cohorts without centralizing sensitive patient data.

6. Longitudinal EHR integration. Temporal modeling of comorbidity onset trajectories using EHR data would enable
prognostic rather than purely diagnostic classification.

11 Conclusion

This narrative review examined 25 ML studies for chronic disease classification (2012–2025), spanning disc herniation,
IBS, fibromyalgia, cardiovascular disease, and related comorbidities. The literature demonstrates a clear trajectory from
early binary imaging-based classifiers toward optimization-enhanced ensemble methods, with consistently high reported
accuracy. However, five systematic methodological deficiencies (binary-only task scope, preprocessing leakage, absent
statistical validation, no calibration analysis, and minimal explainability) apply uniformly across all reviewed studies.

Despite accuracy of 82–99.9% across all 25 reviewed studies, none simultaneously addresses multiclass comorbidity
scope, leakage-free preprocessing, statistical validation, calibration analysis, and explainability. These five gaps define the
methodological agenda for next-generation chronic disease classification research. The most critical unmet need remains a
unified multiclass framework for simultaneous differential diagnosis of co-occurring chronic conditions within fibromyalgia
populations. The Gold Standard pipeline proposed in Section 9 provides a concrete, actionable framework for addressing
all five gaps simultaneously.
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