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Abbreviations
MD(s) Mitochondrial disease(s)

OXPHOS Oxidative phosphorylation
LMICs Low- to middle-income countries
mtDNA Mitochondrial DNA

nDNA Nuclear DNA

Al Artificial intelligence

FGF-21 Fibroblast growth factor 21
GDF-15 Growth differentiation factor 15
PMD Primary mitochondrial disease
FDA Food and Drug Administration
EMA European Medicines Agency
Background

Mitochondrial disease (MD) is associated with dysfunc-
tion of the oxidative phosphorylation (OXPHOS) system and
represents one of the most frequently occurring inherited
neuromuscular diseases [1]. Like many rare diseases, MD
is characterised by striking clinical heterogeneity, result-
ing from its unique bi-genomic aetiology and multi-system
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involvement of energy-dependent tissues. Despite four dec-
ades of genetic discoveries and the advent of omics-driven
insights into genes, mutations, and phenotypes, achieving
an early and accurate diagnosis remains challenging—even
within advanced diagnostic settings. A reliable genetic diag-
nosis for MD requires specialised clinical expertise capable
of recognising population-specific phenotypes, providing
access to genomic diagnostic services, and interpreting local
genotype—phenotype correlations. However, these resources
remain unevenly distributed, limiting diagnostic yield and
equity. Research output and diagnostic infrastructure for MD
are disproportionately concentrated in high-income coun-
tries [2]. This imbalance persists even though ~84% of the
global population resides in low- and middle-income coun-
tries (LMICs), where access to MD diagnostics, research
infrastructure, and specialised care remains limited [3].
Recent World Health Organisation (WHO) and Interna-
tional Classification of Diseases (ICD-11) initiatives have
acknowledged these disparities, emphasising the need for
improved diagnostic access, laboratory capacity, and data-
sharing mechanisms [4—7]. Nevertheless, the diagnostic
capacity divide remains substantial. A major contributor to
the diagnostic gap in MD is the absence of reliable bio-
markers that enable early detection, disease monitoring, and
assessment of therapeutic efficacy. The lack of validated bio-
markers restricts both diagnostic precision and therapeutic
development.

The World Health Assembly’s resolution WHA76.6,
adopted in May 2023, titled “Strengthening diagnostics
capacity and equitable access for rare diseases,” serves as
a pivotal framework for advancing the integration of rare
disease diagnostics into national health strategies across
member states. This resolution underscores the necessity
for countries to prioritise sustainable financing and pro-
curement mechanisms, which can significantly enhance
diagnostic capabilities in the face of existing disparities,
particularly in LMICs. A concrete implication of this reso-
lution for national diagnostics plans is the establishment of
streamlined pathways aimed at addressing the accessibility
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of diagnostic services and ensuring that they are inclusive
of diverse populations.

Affordability of assays is crucial for achieving equita-
ble healthcare access. Mechanisms to realise this afford-
ability include pooled procurement strategies, tiered
pricing, and the development of open-source assay pro-
tocols. Pooled procurement allows collective purchasing
by multiple countries or institutions to negotiate lower
prices from manufacturers, effectively enhancing access
for resource-limited settings. Tiered pricing involves set-
ting different price points based on a country’s income
level, which can mitigate financial barriers for LMICs.
Additionally, open protocols promote the use of non-
proprietary technologies, reducing dependency on high-
cost commercial tests and fostering innovation in test
development. Establishing regional reference laboratories
can further enhance diagnostic capabilities by provid-
ing centralised access to quality testing and expertise,
thereby supporting local health systems in managing rare
diseases more effectively.

The integration of these mechanisms into national strat-
egies aligns with the WHO’s emphasis on closing the diag-
nostic gaps that disproportionately affect populations in
LMICs and advancing global health equity. By leveraging
these approaches, countries can not only improve their
diagnostic capacity but also foster a more equitable health-
care landscape. This will ultimately facilitate earlier detec-
tion, better disease management, and improved therapeutic
outcomes for patients suffering from rare conditions.

The alignment of national diagnostics strategies with
global health initiatives and the establishment of cost-
effective procurement mechanisms are essential steps
toward addressing the healthcare disparities faced by
patients with rare diseases in LMICs. As the landscape of
rare disease diagnostics evolves, a commitment to afford-
ability and accessibility will be crucial in achieving mean-
ingful health equity.

Despite recent genomic advances, the lack of reliable,
accessible biomarkers remains a critical bottleneck in MD
diagnosis. An important consideration in biomarker devel-
opment is the balance between invasiveness and clinical
applicability—features that directly influence diagnostic
feasibility, especially in resource-limited settings.

This paper thus aims to address the problem at hand of
high diagnostic inequity in MDs, as a direct result of the
lack of validated and affordable biomarkers. The solutions
are addressed in terms of non-invasive biomarkers with the
assistance and integration of artificial intelligence (Al),
along with the different policy mechanisms to overcome
limitations. To achieve this, however, rigorous validation
is necessary to make biomarkers reliable. Furthermore,
we discuss the socioeconomic impact on equity and why
affordability matters.
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The first section explores this “biomarker gap” and the
implications of invasiveness versus non-invasiveness for
translational research and diagnostic equity.

The biomarker gap—invasiveness
versus non-invasiveness of biomarkers

The role and classification of biomarkers

Biomarkers have been widely defined as a characteristic
measured as an indicator of normal biological processes,
pathogenic processes, or responses to an exposure or inter-
vention. In the quest to improve MD diagnosis, biomarkers
remain a pivotal yet underdeveloped component [8]. Bio-
markers can be grouped into seven functional categories
(listed in Table 1) that reflect distinct clinical use cases.
These distinctions are especially important in LMICs, where
diagnostic pathways must optimise limited specialist access,
minimise reliance on invasive procedures, and support lon-
gitudinal care despite constrained resources.

Case example: FGF-21 and GDF-15—strengths
and limitations

Among current mitochondrial biomarkers, fibroblast
growth factor 21 (FGF-21) and growth differentiation fac-
tor 15 (GDF-15) have demonstrated strong correlations with
mitochondrial dysfunction and metabolic stress [9], provid-
ing valuable insights into mitochondrial activity and sys-
temic energy metabolism. These biomarkers currently align
most closely with diagnostic roles and, to a limited extent,
disease monitoring; however, their broader application is
constrained by several confounding factors, including renal
dysfunction, systemic inflammation, age-related increases,
and sensitivity to pre-analytical handling [10]. The key con-
founders and their implications are summarised in Table 2.

These limitations underscore the critical need for rigor-
ous analytical validation (assessing precision, matrix effects,
and stability) and clinical validation across diverse ances-
tries and comorbidities before widespread implementation,
particularly in LMIC settings. Incorporating these consid-
erations into biomarker deployment strategies will improve
diagnostic accuracy and ensure equity in resource-limited
environments.

The methods used for biomarker detection differ mark-
edly in accessibility and feasibility, largely depending on
whether they are invasive or non-invasive.

Invasive biomarkers—strengths and limitations

Invasive methods, such as muscle biopsies, have been the
traditional mainstay for MD diagnosis. These allow direct
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Table 1 Functional categories of biomarkers and relevance to LMICs

FGF-21/GDF-15 relevance as an example

Why it matters for LMICs

Definition

Category

Primary role: Both are elevated in MD but lack perfect

Enables earlier triage and reduces dependence on

Early case detection identifies individuals likely to

Diagnostic

specificity

muscle biopsy where surgical expertise is scarce

have the disease

It may reflect changes over time, but is influenced by

non-MD factors

Provides non-invasive follow-up where imaging or

Tracks disease trajectory over time

Disease monitoring

repeat biopsies are impractical

Currently no validated prognostic markers

Helps allocate limited resources and anticipate care

Predicts the likelihood of progression or severity

Prognostic

needs

No evidence supporting predictive/theragnostic use

Essential where treatments are costly or limited and

Predictive/theragnostic Guides therapy choice or predicts treatment benefit

must be targeted

No validated pharmacodynamic markers in MD

Enables lower-cost assessment of treatment efficacy

Measures biological response to treatment

Pharmaco-dynamic

where advanced functional assays are unavailable

Both are reliable non-invasive indices for PMDs, often
outperforming traditional biomarkers like lactate

A measurable indicator that predicts, detects, or moni- Enable early disease detection, targeted treatment

Safety

strategies, enhanced patient safety during drug

tors the presence, likelihood, or extent of toxicity

development and treatment, and more efficient use

of limited healthcare resources

GDF]15 is a predictive biomarker for cardiovascular risk

Focus on developing affordable and simple risk

These markers help identify people with a higher

Risk

and has anti-inflammatory effects

assessment tools for early intervention

susceptibility (to cancer), allowing for preventive

measures or earlier intervention

examination of mitochondrial function and morphology,
providing high-fidelity diagnostic information [4]. How-
ever, the approach has drawbacks: patient discomfort, pro-
cedural risks, and limited feasibility in LMICs where access
to necessary equipment and sterile environments is limited.
These constraints can delay diagnosis, hinder treatment,
and adversely affect patient outcomes. Invasive biomark-
ers therefore predominantly serve confirmatory diagnostic
and mechanistic roles, which amplifies the need for reliable
non-invasive alternatives in settings where biopsy is often
unavailable.

Non-invasive biomarkers—opportunities
and current barriers

Non-invasive techniques, such as analyses of blood, urine,
serum, or imaging data, offer a promising alternative. These
products can be used for (1) metabolite assays (measure-
ments of lactate, pyruvate, and creatine kinase) [11, 12];
(2) molecular diagnostics (analysing mtDNA variants and
heteroplasmy levels) [13]; (3) imaging techniques (mag-
netic resonance and near-infrared spectroscopy for indirect
assessment of mitochondrial function) [14] and (4) liquid
biopsies (evaluation of cell-free DNA, RNA, and proteins)
[15]. Each of these applications underscores the critical role
of non-invasive methods in advancing our understanding of
mitochondrial health and function. Despite their advantages,
these techniques and approaches can be expensive, techni-
cally demanding, and sometimes insufficiently validated.
Sensitivity and specificity vary widely across populations,
and no single biomarker can fully capture the heterogene-
ity of MD. Therefore, while non-invasive testing reduces
patient risk, its cost and interpretive complexity currently
limit large-scale implementation in resource-limited settings.

The way forward—integrating innovation
and equity

To close the biomarker gap, investment in capacity build-
ing, technology transfer, and context-appropriate validation
is essential. We therefore propose three practical steps: (1)
Provide access to and encourage participation in existing
national and international training programmes to improve
diagnostic capabilities in LMICs; (2) promote afford-
ability through shared procurement and open-source assay
development; and (3) prioritise funding and collaborative
research for validating non-invasive biomarkers in diverse
populations. Some experts advocate refining invasive pro-
cedures—such as minimally invasive biopsy methods. A
hybrid diagnostic model, combining invasive confirmation
with non-invasive screening, may offer the most pragmatic
short-term solution. Emerging computational tools, includ-
ing Al-driven analysis of imaging and omics data (e.g. the
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Table 2 The key confounders and their implications, using the most common markers FGF-21 and GDF-15

Biomarker confounder Effect on FGF-21/GDF-15

Implication for LMIC implementation

Renal dysfunction
drial disease

Systemic inflammation Increases GDF-15 levels

Age Age-related increases reduce discriminatory power

Sample matrix and handling Serum vs plasma, processing delays, freeze—thaw

cycles

Elevates circulating levels independent of mitochon-

Requires careful interpretation; may reduce specificity in
populations with high CKD prevalence

Necessitates context-specific reference ranges
Reference intervals must be stratified by age

Standardised protocols needed; infrastructure limitations
may affect reliability

smart mitochondrial assay), may incrementally improve sen-
sitivity and specificity. However, their utility will depend
on feasibility within LMICs—requiring low-compute
approaches, robust external validation, and sustainable data
pipelines [16].

The discussion of invasive and non-invasive biomarkers
highlights both the progress made and the barriers that per-
sist in MD diagnosis. To bridge this gap, the field is now
turning toward computational biology and data integration.
By combining Al-based analytics and machine learning with
multi-omics data, researchers can move beyond isolated bio-
markers toward a holistic understanding of mitochondrial
dysfunction—one that captures the biological complexity
and heterogeneity that define these disorders.

Al and multi-omics: need for specificity
and feasibility

Opportunities in Al-driven biomarker discovery

The integration of Al and machine learning with multi-
omics datasets offers tangible opportunities for improving
biomarker discovery in MDs. Rather than solely explora-
tory applications, Al approaches are increasingly applied to
specific, archetypal tasks in mitochondrial disease research,
including classification (e.g. distinguishing MD vs non-
MD samples), anomaly detection (e.g. identifying unusual
metabolomic or proteomic signatures suggestive of mito-
chondrial dysfunction), and risk scoring (e.g. predicting like-
lihood of disease progression or severity based on integrated
multi-omic profiles). Supervised algorithms classify sam-
ples based on known labels, while unsupervised approaches
detect novel subgroups within heterogeneous datasets. Con-
volutional neural networks can identify structural mitochon-
drial abnormalities from histology or electron microscopy,
complementing traditional diagnostic workflows [17].
These Al-based approaches demonstrate substantial
potential to enhance diagnostic precision. By analysing
complex multi-dimensional datasets—including genomics,
transcriptomics, proteomics, metabolomics, and imaging—
Al models can reveal subtle disease-specific patterns not

@ Springer

detectable with traditional statistical approaches, potentially
enhancing both specificity and sensitivity of MD diagnostics
[10, 18].

Training Al right: sample size and demographic
diversity

These models can classify disease subtypes, predict pro-
gression, and associate biomarker profiles with clinical
phenotypes. Successful implementation relies on care-
ful consideration of adequate sample sizes, albeit a single
“adequate number does not exist, and therefore, neces-
sary training for Al models is recommended for medical
deep learning—depending on the complexity of the task (as
extensively reviewed by [19]. According to [20], diversity
in Al models for disease diagnosis depends on key demo-
graphic factors, including (1) race and ethnicity—this can
affect disease presentation and genetic risk factors; (2) sex
and gender—differences between sexes can influence disease
prevalence, symptoms, and outcomes; (3) age—a broad age
range is preferable; and (4) geographic location—AlI trained
on data from a single location may not generalise effectively
to other geographic areas, which can have different disease
prevalences, environmental factors, or clinical practices.

Data quality, infrastructure, and global inequities

The successful integration of AI with biomarker discovery
requires access to high-quality, multi-layered datasets—
including genomic variants, metabolite concentrations, and
clinical metadata—all integrated within standardised and
well-annotated databases. Although this is the ideal, it could
introduce common pitfalls as explained by [21]. Briefly, lim-
ited data diversity and biases in training datasets can reduce
model accuracy and perpetuate inequities across patient
groups. Additionally, the “black box” nature of many Al
models complicates interpretability, making it difficult for
clinicians to understand and trust their outputs. Security and
privacy of sensitive patient data must be ensured, and Al
systems must comply with applicable healthcare and data
protection regulations.
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Al fairness and validation

Carey et al. highlight the importance of fairness in Al
when it comes to healthcare [22]. Briefly, most Al training
data comes from high-income Western countries, leading
to algorithms that perform poorly or fail when applied to
different populations. This can result in inaccurate diag-
noses for certain racial, ethnic, and socioeconomic groups.
Furthermore, Al developed in wealthy countries can create
a new form of digital and economic dependency, where
LMICs rely on externally developed technologies that may
not be adapted to local needs [23]. Addressing these dis-
parities is essential to ensure that advances in Al-driven
diagnostics benefit global patient populations rather than
deepening existing inequities. Furthermore, it is essential
to have external validation using metrics like sensitiv-
ity, specificity, and positive/negative predictive values to
measure the accuracy and reliability of Al tools. Tsopra
et al. have developed a seven-step framework specifically
for validating Al in genomic medicine: (1) the intended
use of Al, (2) the target population, (3) the timing of Al
evaluation, (4) the datasets used for evaluation, (5) the pro-
cedures used for ensuring data safety, (6) the metrics used
for measuring performance, and (7) the procedures used
to ensure that the Al is explainable [24]. This suggested
framework and outcomes should, however, be fully vali-
dated independently with a small dataset. The biomarkers
as an outcome of using Al should be validated and com-
prehensively described in the following section.

Feasibility of Al in LMICs

The significant healthcare challenges across LMICs when
considering and integrating Al as a diagnostic tool [25].
The main challenges highlighted were the lack of proper
infrastructure, such as computational power, cloud stor-
age, and internet access. Furthermore, they highlight the
hesitancy of healthcare workers to move and adapt to Al-
driven diagnostics. The study concluded that collaborative
efforts among stakeholders, including international organi-
sations, governments, and nongovernmental entities, are
crucial for overcoming obstacles and responsibly integrat-
ing Al In South Africa, progress has been made by organi-
sations such as Diplomics (https://www.diplomics.org.za/,
last accessed November 2025), which provides services to
African countries to support patient diagnosis and identify
biomarkers in specific pathways, including those within
the mitochondrion. This organisation addresses the need
for sustainable computing infrastructure and pipelines and
has robust data governance measures in place to ensure
data confidentiality and reliability.

Socioeconomic impacts of biomarker
advancements

The utility of biomarkers, particularly regarding clinical out-
comes, ultimately hinges on their ability to improve health-
care delivery. Evaluating the prospective impact on time to
diagnosis, reduction in invasive procedures, and overall cost-
effectiveness is essential in demonstrating the clinical utility
of biomarkers. By delivering quicker diagnoses, validated
biomarkers can minimise the economic burden associated
with prolonged diagnostic journeys, particularly in LMICs,
where access to specialised testing is often limited [26].
Implementing affordable biomarker strategies is imperative
to advance health equity, facilitate timely interventions, and
optimise healthcare resource utilisation in economically dis-
advantaged regions [26].

The societal impacts of biomarker advancements under-
score the profound potential to enhance healthcare access,
particularly in LMICs, where the need for efficient diagnos-
tic strategies is pressing. Ultimately, the successful transla-
tion of biomarkers from discovery to clinical use will depend
on their rigorous validation processes that guarantee their
analytical reliability, clinical significance across diverse
populations, and demonstrable utility in improving patient
outcomes.

Biomarker validation

Biomarker validation encompasses several critical phases,
notably analytical, clinical, and clinical utility validation,
each addressing unique aspects that shape the robustness
and applicability of biomarkers within clinical settings.
In the analytical validation phase, emphasis is placed on
precision, accuracy, limit of detection (LoD), and limit of
quantification (LoQ) to assess the reliability of biomarker
assays. Furthermore, aspects such as inter-site reproducibil-
ity, matrix effects, and sample stability during pre-analytical
handling are essential to ensure that the biomarker behaves
consistently across varied laboratory conditions and different
biological matrices [27]. Robust analytical validation helps
establish the limits within which the biomarker can reli-
ably perform, ensuring that results are reproducible across
diverse settings, which is critically important for global
health initiatives [28].

In the subsequent clinical validation phase, establish-
ing reference intervals stratified by age and sex is crucial
in defining the contextual significance of biomarker levels
within specific populations. The identification of cut-points
for clinical decision-making, as well as external valida-
tion across various ancestries, helps ensure that findings
apply to diverse populations despite differences in genetic
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backgrounds [29]. Comorbidity sensitivity analyses, such
as evaluating the impact of conditions like chronic kidney
disease (CKD) on biomarkers like GDF-15, further enhance
the clinical relevance of these markers, paving the way for
more tailored diagnostic and therapeutic approaches [30].

Al has demonstrated significant promise in multi-omics
applications, particularly in classification, anomaly detec-
tion, and disease risk scoring. However, leveraging Al
effectively necessitates several fundamental considerations
regarding data requirements and anticipated challenges.
For instance, effective Al approaches typically require large
sample sizes and high-quality labels to ensure accurate pre-
dictions. Small cohorts can lead to unreliable outcomes,
and research has highlighted the variability in biomarker
detection across different populations due to insufficient
sample sizes [31]. Moreover, achieving high-quality labels
is crucial, as the integrity of the data directly influences
model performance [32]. Various pitfalls can arise during
the development of Al-driven multi-omics solutions. Batch
effects and domain shifts across populations can significantly
distort data, as significant variability may be introduced by
differences in sample handling or patient demographics,
impairing model generalisation [31]. Overfitting is another
prevalent concern; models trained excessively on specific
datasets may fail to perform well on unseen data, reiterat-
ing the importance of external validation processes [33]. An
effective validation framework must encompass analytical,
clinical, and clinical utility validations to ensure reliability
and applicability across different demographics. Analytical
validation focuses on measuring the reliability of biomarker
assays under controlled conditions, emphasising the need for
stringent standardisation in sample collection and processing
protocols, particularly critical in LMICs [34, 35].

The necessity for external validation is compounded in
LMICs, where factors such as computing power, data gov-
ernance, and resource availability can restrict the implemen-
tation of comprehensive Al frameworks. Deploying these
technologies in resource-limited settings often requires
adaptations, such as federated learning models that allow
multiple institutions to collaborate without directly shar-
ing sensitive data, addressing data governance challenges.
Low-compute approaches can facilitate the development of
less resource-intensive pipelines, promoting sustainability in
genomic analytics [32]. Moreover, biomarker validations in
these contexts must prioritise feasibility, assessing whether
the biomarkers can meaningfully enhance diagnostic equity.
In summary, while the integration of AI within multi-
omics presents a transformative opportunity, particularly
for developing reliable biomarkers, careful attention must
be paid to specific tasks, data requirements, and common
pitfalls. Establishing a rigorous validation framework that
balances analytical precision, clinical relevance, and practi-
cal feasibility is essential to translating these advancements
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into actionable clinical diagnostics that bridge the exist-
ing healthcare divide in mitochondrial diseases and other
conditions.

Conclusion

The discovery, validation, and implementation of biomark-
ers present both significant challenges and transformative
opportunities for improving mitochondrial diseases diagno-
sis. New non-invasive biomarkers, supported by advances in
multi-omics technologies and computational analytics, have
the potential to significantly improve diagnostic accuracy
and monitoring, particularly in situations where invasive
procedures are impractical.

To maximise this potential, it is crucial to conduct thor-
ough validation in diverse genetic and geographical popu-
lations, guided by internationally recognised standards and
regulatory frameworks. Moreover, accessible biomarkers
can help reduce the financial challenges associated with
extended diagnostic processes, make better use of limited
healthcare resources, and contribute to addressing global
disparities in rare disease care. We encourage policymak-
ers, funding bodies, and research organisations to prioritise
the development of affordable biomarker platforms, promote
collaborative networks for validation, and integrate non-
invasive diagnostics into combined care models.

Ultimately, bridging the gaps in mitochondrial disease
diagnosis requires a unified global effort—one that aligns
science, infrastructure, and equity to harness the full power
of biomarkers in improving patient outcomes worldwide.
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