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ABSTRACT

Background: The 2026 proposal to rename Polycystic Ovary Syndrome (PCOS) as Polyendocrine Metabolic Ovarian
Syndrome (PMOS) reflects a shift from an ovarian and fertility-centered paradigm toward a systemic endocrine-metabolic
understanding of the disorder. Diagnostic delays in PCOS/PMOS are not only clinical but also socio-technical, shaped by
fragmented care, gendered interpretation of symptoms, and electronic health record systems that privilege coded reproductive
diagnoses over dispersed metabolic, dermatological, and psychological signals.

Methods: This narrative review synthesizes literature identified in PubMed and Scopus, focusing primarily on publications
from 2015 to 2026 and supplemented by foundational sources on PCOS pathophysiology, clinical guidelines, artificial
intelligence, explainable machine learning, electronic health records, and gender bias in healthcare.

Results: Al-supported EHR analysis may facilitate earlier recognition of PCOS/PMOS by linking structured laboratory data,
ultrasound findings, and unstructured clinical narratives across specialties. Natural language processing may identify early
waming signs recorded in dermatology, primary care, gynecology, and endocrinology notes, while predictive machine
learning models may detect longitudinal metabolic trajectories before formal diagnosis. However, these systems may
reproduce historical bias if trained on incomplete or gendered datasets.

Conclusions: Al should be understood as a socio-technical intervention rather than a purely technical diagnostic solution.
Its value depends on transparency, explainability, bias-aware validation, and preservation of the patient’s narrative.

KEYWORDS

Polycystic Ovary Syndrome, Polyendocrine Metabolic Ovarian Syndrome, Artificial Intelligence, Electronic Health
Records, Diagnostic Delay, Gender Bias

e-ISSN: 2544-9435 1



2(50) (2026): International Journal of Innovative Technologies in Social Science

CITATION
Kinga Mehal, Weronika Martyna Pielich, Natalia Siusta, Katarzyna Gatan, Sandra Kuczynska, Natalia Balicka-Dworczak. (2026)
Artificial Intelligence and the Diagnostic Invisibility of Women’s Metabolic Disorders: A Narrative Review of Socio-Technical

Challenges in PCOS/PMOS Recognition. International Journal of Innovative Technologies in Social Science. 2(50). doi:
10.31435/ijitss.2(50).2026.5908

COPYRIGHT

© The author(s) 2026. This article is published as open access under the Creative Commons Attribution 4.0
International License (CC BY 4.0), allowing the author to retain copyright. The CC BY 4.0 License permits the content
to be copied, adapted, displayed, distributed, republished, or reused for any purpose, including adaptation and commercial
use, as long as proper attribution is provided.

1. Introduction

Polycystic Ovary Syndrome (PCOS), recently proposed to be renamed Polyendocrine Metabolic
Ovarian Syndrome (PMOS), is a heterogeneous endocrine-metabolic disorder involving reproductive,
metabolic, dermatological, and psychological dimensions (Azziz, 2018; Escobar-Morreale, 2018; Rosenfield
& Ehrmann, 2016; Teede et al., 2026). Although historically classified through ovarian and reproductive
criteria, the condition extends far beyond menstrual irregularities and fertility issues. Patients may present with
acne, hirsutism, androgenetic alopecia, weight-management resistance, insulin resistance, dyslipidemia,
hepatic steatosis, and increased long-term cardiometabolic risk (Barber et al., 2019; Kumarendran et al., 2018;
Legro et al., 2013; Stepto et al., 2013).

Despite this systemic profile, PCOS/PMOS is frequently recognized through fragmented healthcare
pathways. Patients may consult dermatologists, gynecologists, primary care physicians, dietitians, and mental
health professionals before their symptoms are connected into a coherent diagnostic explanation. Diagnostic
delay and lack of information are associated with dissatisfaction, psychological burden, and reduced trust in
healthcare (Dokras et al., 2018; Gibson-Helm et al., 2017; Pena et al., 2022; Silva et al., 2025).

This diagnostic problem is also socio-technical. Electronic health record systems often privilege coded
reproductive diagnoses while clinically relevant metabolic, dermatological, and psychological signals remain
dispersed across unstructured notes. Artificial intelligence, particularly natural language processing and
machine learning, may help integrate these signals and support earlier recognition of systemic disease
trajectories (Rajkomar et al., 2018; Topol, 2019). At the same time, Al systems trained on historically
incomplete or biased documentation may reproduce the diagnostic blind spots they are intended to correct
(Cirillo et al., 2020; Obermeyer et al., 2019).

This narrative review evaluates the role of Al-supported EHR analysis in PCOS/PMOS recognition as
a socio-technical problem. It asks how digital tools may support earlier identification of endocrine-metabolic
patterns, how they may affect the clinician-patient relationship, and what safeguards are necessary to prevent
algorithmic amplification of gendered diagnostic inequality.

2. Methodology

This article is a narrative review aimed at mapping and synthesizing literature relevant to the application
of artificial intelligence in the diagnosis and recognition of PCOS/PMOS. A narrative review design was
selected because the research question crosses several domains: endocrinology, women’s health, digital
medicine, artificial intelligence, electronic health records, patient experience, and sociology of diagnosis. The
objective was not to perform a quantitative meta-analysis, but to develop an interpretive synthesis of how Al-
supported diagnostic infrastructures may influence recognition of a heterogeneous endocrine-metabolic
disorder.

The literature search was conducted in May 2026 using PubMed and Scopus. The search focused
primarily on publications from 2015 to 2026, while older foundational sources were included when they were
essential for understanding diagnostic criteria, pathophysiology, or key interpretive concepts. The search
strategy combined three conceptual domains: clinical terminology, technological mechanisms, and socio-
medical interpretation.

Clinical search terms included: “polycystic ovary syndrome,” “PCOS,” “polyendocrine metabolic
ovarian syndrome,” “PMOS,” “insulin resistance,” “hyperandrogenism,” “polycystic ovarian morphology,”
“cardiometabolic risk,” and “diagnostic delay.” Technological search terms included: “artificial intelligence,”
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“machine learning,” “deep learning,” “natural language processing,” “clinical BERT,” “electronic health
records,” “EHR phenotyping,” “explainable artificial intelligence,” “SHAP,” and “LIME.” Socio-medical
search terms included: “gender bias,” “diagnostic inequality,” “women’s health,” “patient experience,”
“diagnostic odyssey,” “underdiagnosis,” “mental health,” “body image,” and “health disparities.”

The literature was selected purposively rather than systematically, reflecting the interdisciplinary nature
of the review. Priority was given to sources linking PCOS/PMOS diagnosis, patient experience, EHR-based
Al, explainability, and healthcare bias. Publications that did not contribute to the clinical or socio-technical
argument of the review were not included in the final synthesis.

The selected literature was synthesized thematically around four analytical categories: (1) the limitations
of morphology-centered diagnostic logic; (2) the social and institutional production of diagnostic delay; (3)
Al-supported reconstruction of diagnostic trajectories through EHR data; and (4) risks of algorithmic bias and
requirements for explainable, accountable implementation.

As a narrative review based on previously published literature, this study did not involve human
participants, patient-level data collection, or animal subjects. Therefore, ethics committee approval was not
required.

29 ¢

3. PCOS/PMOS as a Clinical and Socio-Technical Problem

3.1. From reproductive reductionism to systemic recognition

The proposed transition from PCOS to PMOS is more than a terminological update. It represents an
attempt to reframe the syndrome as systemic rather than primarily ovarian. By removing the anatomically
misleading emphasis on “polycystic ovaries,” the PMOS framework diminishes the role of pelvic ultrasound
as the symbolic gatekeeper of diagnosis and highlights endocrine and metabolic dysfunction as core elements
of the disease process (Teede et al., 2026). This shift is directly relevant to social science because it raises
questions about whose symptoms are recognized, whose narratives are believed, and how institutional
technologies either reproduce or challenge diagnostic invisibility.

Traditional diagnostic frameworks placed strong emphasis on ovarian morphology, specifically the
visualization of polycystic ovarian morphology via ultrasound. This narrow focus on reproductive organs
meant that patients exhibiting a predominantly metabolic, dermatological, or psychological phenotype could
be misclassified or overlooked when ovarian ultrasound remained normal, when biochemical abnormalities
were subtle, or when symptoms were distributed across several specialties. The term “polycystic ovary
syndrome” can therefore be misleading because it places the ovary at the conceptual center of a disorder that
is often metabolic, endocrine, dermatological, psychological, and social in its consequences.

3.2. Patient experience, embodiment, and diagnostic delay

The diagnostic problem is not merely biomedical. It is also sociological. Patients often cycle between
dermatologists for skin lesions, dietitians or primary care physicians for unexplained weight gain,
gynecologists for menstrual irregularity, and mental health professionals for anxiety, depression, or eating
disturbances. Without a unified interpretive framework, no single specialist may connect these symptoms to a
common endocrine-metabolic disorder. This pattern has been described as a diagnostic odyssey, in which
delayed diagnosis and lack of information contribute to dissatisfaction, psychological burden, and loss of trust
in care.

The psychosocial dimension of PCOS/PMOS is particularly important for a journal focused on
technology and society. The syndrome affects visible, intimate, and socially meaningful aspects of
embodiment, including hair growth, acne, weight, menstruation, fertility, sexuality, and body image.
Qualitative research has shown that women may experience PCOS as a threat to femininity and self-
understanding (Kitzinger & Willmott, 2002). More recent work examining patient satisfaction and experiences
has also shown that patients may feel dismissed or not taken seriously within clinical encounters (Ismayilova
& Yaya, 2022). Mental health evidence further supports this burden: PCOS is associated with increased
depressive and anxiety symptoms, reduced quality of life, eating disorders, and measurable mental health-
related economic costs (Cooney et al., 2017; Dokras et al., 2018; Yadav et al., 2023). These findings show that
diagnosis does not only classify disease; it can validate experience, reduce uncertainty, and restore coherence
to the patient’s relationship with her own body.
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3.3. The technological translation gap

Modern healthcare systems face a technological translation gap. Current electronic health record
systems are closely tied to historical definitions, billing codes, and specialty-specific documentation practices.
Hospital alert systems are usually designed to react to diagnostic codes related to infertility, amenorrhea, or
gynecological findings, often ignoring text entries describing resistant acne, weight fluctuation, fatigue, mood
symptoms, or early metabolic abnormalities. A typical clinician working under time pressure cannot manually
search through years of unstructured medical notes from various clinics to synthesize a patient’s metabolic risk
profile.

Artificial intelligence, particularly natural language processing and machine learning algorithms capable
of analyzing structured and unstructured EHR data, offers a conceptual method to accelerate the adoption of
updated diagnostic criteria (Rajkomar et al., 2018; Topol, 2019). However, Al must not be understood as a
neutral technical instrument. Computational models learn from historical datasets accumulated over decades.
If those datasets reflect a narrow gynecological approach, undercoding, dismissal of women’s symptoms, or
incomplete documentation, Al may reproduce rather than correct the diagnostic blind spots it is intended to
overcome (Cirillo et al., 2020; Obermeyer et al., 2019).

4. Results

Analysis of the selected literature reveals three major findings relevant to Al-supported PCOS/PMOS
recognition. First, clinical and digital medicine literature increasingly supports a shift from isolated
morphology-based assessment toward multimodal recognition of systemic disease patterns. Second, patient-
experience and psychosocial studies show that diagnostic delay affects mental health, body image, trust, and
the clinician-patient relationship. Third, Al-supported EHR analysis may help reconstruct dispersed diagnostic
trajectories, but only if issues of bias, missing data, and explainability are explicitly addressed.

4.1. From morphology-centered PCOS to systemic PMOS

The reviewed literature demonstrates that PCOS has long been defined through overlapping
reproductive, endocrine, and metabolic criteria. Classical diagnostic approaches relied on combinations of
ovulatory dysfunction, clinical or biochemical hyperandrogenism, and polycystic ovarian morphology (Legro
et al., 2013; Teede et al., 2018). This diagnostic flexibility allowed broader recognition of phenotypic
heterogeneity, but in practice, ovarian morphology often retained disproportionate symbolic and operational
importance.

Modern clinical research demonstrates that insulin resistance and compensatory hyperinsulinemia are
central elements in many patients, including those maintaining a normal body mass index (Escobar-Morreale,
2018; Rosenfield & Ehrmann, 2016; Stepto et al., 2013). Excess circulating insulin acts synergistically with
luteinizing hormone to stimulate ovarian theca cells, increasing ovarian androgen production.
Hyperinsulinemia may also suppress hepatic synthesis of sex hormone-binding globulin, enlarging the
bioavailable pool of free testosterone.

Consequently, the clinical picture extends beyond menstrual irregularities or fertility issues. Patients
may present with acne, hirsutism, androgenetic alopecia, weight-management difficulty, and metabolic
disturbances that increase the long-term risk of type 2 diabetes, dyslipidemia, steatotic liver disease,
cardiovascular complications, and endometrial pathology (Barber et al., 2019; Haoula et al., 2012;
Kumarendran et al., 2018; Legro et al., 2013). These findings support the PMOS-oriented view of the condition
as a systemic endocrine-metabolic disorder rather than a primarily ovarian syndrome.

4.2. Diagnostic delay, patient experience, and mental health burden

The literature consistently shows that delayed diagnosis is not only a matter of clinical complexity but
also of fragmented interpretation. Patients frequently report diagnostic delay, lack of information, and
dissatisfaction with care (Gibson-Helm et al., 2017). In adolescents, diagnostic experiences may be especially
sensitive because symptoms such as acne, menstrual irregularity, weight change, and hirsutism occur during a
period of intense body image formation and identity development (Pefia et al., 2022).

Patient-experience research strengthens this sociological interpretation. In a multi-methods study of
PCOS experiences in Canada, patients described dissatisfaction with care and feeling that their symptoms were
not taken seriously (Ismayilova & Yaya, 2022). Qualitative literature has also described PCOS as a condition
affecting femininity, body image, sexuality, and self-understanding (Kitzinger & Willmott, 2002).
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The psychological burden is substantial. PCOS is associated with depression, anxiety, reduced quality
of life, and eating disorders (Cooney et al., 2017; Dokras et al., 2018). Mental health burden also has
measurable economic implications, suggesting that delayed or fragmented recognition affects not only
individual well-being but also healthcare systems (Yadav et al., 2023). These findings indicate that earlier and
more integrated recognition may have psychosocial as well as metabolic value.

4.3. Al and the reconstruction of diagnostic trajectories

The selected literature shows an evolution in medical decision support systems from single-domain tools
toward more integrated models. Earlier Al applications in gynecological endocrinology relied heavily on
computer vision and deep learning systems for ultrasound image interpretation. These models were designed
to automate detection, segmentation, and counting of ovarian follicles, and they may improve standardization
of polycystic ovarian morphology assessment (Ghaderzadeh et al., 2025; Zhao et al., 2025).

From the perspective of PMOS, however, relying solely on imaging creates important limitations.
Automated imaging systems may classify ultrasound results as normal in patients whose syndrome manifests
primarily through insulin resistance, dermatological symptoms, or metabolic risk while ovarian morphology
remains non-diagnostic. Therefore, Al systems limited to ultrasonographic assessment may unintentionally
reinforce the morphology-centered logic that the PMOS framework seeks to overcome.

More promising are multimodal systems that integrate ultrasound findings, structured laboratory values,
BM]I, anti-Miillerian hormone, androgen profiles, menstrual histories, medication records, and free-text clinical
notes. Machine learning models using EHR data have demonstrated potential for predicting PCOS before
formal diagnosis (Zad et al., 2024). Explainable machine learning models and nomograms may further support
early detection and risk stratification by showing which variables contributed to a prediction (Yao et al., 2025).

4.4. Natural language processing and the recovery of dispersed symptoms

Natural language processing is particularly relevant because many early signs of PCOS/PMOS are
recorded in narrative clinical notes rather than structured fields. Complaints of fatigue, uncontrolled weight
fluctuation, chronic dermatological problems, irregular cycles, distress related to body image, or repeated
specialist consultations may remain invisible to systems based only on diagnostic codes and laboratory values.

Clinical language models provide a potential method for transforming narrative descriptions into
computable clinical signals. Publicly available clinical BERT embeddings demonstrate the feasibility of
transformer-based representation of clinical text (Alsentzer et al., 2019). In the context of PCOS/PMOS, NLP
could link a dermatologist’s note on resistant acne, a primary care record of weight fluctuation, a gynecological
note on menstrual irregularity, and a laboratory trend suggesting insulin resistance.

This function is clinically and sociologically important. The problem is not only that relevant data are
missing; it is that symptoms are often distributed across specialties and interpretive frames. Properly designed
NLP systems may help reconstruct this fragmented clinical narrative, provided they preserve patient context
and do not reduce lived experience to decontextualized data points.

4.5. Algorithmic bias and data quality

The promise of Al is inseparable from the risk of bias. Computational models learn from historical
datasets, and historical PCOS documentation reflects decades of underdiagnosis, reproductive reductionism,
inconsistent coding, and incomplete symptom capture. An algorithm trained on such data could learn to
identify only patients who resemble previously diagnosed cases, while continuing to miss lean phenotypes,
atypical presentations, or patients whose symptoms were dismissed or psychologized.

Sex and gender bias in biomedical Al has been recognized as a major challenge (Cirillo et al., 2020). A
model trained on incomplete or biased data may perform well according to aggregate metrics while still failing
clinically important subgroups. The example of racial bias in population health algorithms demonstrates that
technical performance does not guarantee fairness or clinical justice (Obermeyer et al., 2019). This lesson is
directly relevant to PCOS/PMOS, where formal diagnostic codes may reflect past recognition patterns rather
than true disease distribution.

Missingness in EHR data is also not random. Missing laboratory values, incomplete menstrual histories,
absent dermatological documentation, or lack of patient-reported distress may reflect access barriers, time
pressure, clinical assumptions, or diagnostic neglect rather than absence of disease. Methods for addressing
missingness in EHR-based prediction models are therefore central to safe Al development (Digitale et al.,
2025). In PCOS/PMOS, missing data should be interpreted not only statistically but also institutionally:
absence in the record may itself be a trace of diagnostic invisibility.
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5. Implementation and Socio-Technical Implications

5.1. Al as a socio-technical intervention, not a diagnostic substitute

The publication of the 2026 PMOS consensus establishes an essential theoretical framework, shifting
the focus away from reproductive parameters. However, publishing a consensus itself does not automatically
change entrenched clinical workflows. Outdated algorithms embedded in digital infrastructures require
restructuring to translate this physiological understanding into daily practice.

A proposed Al-driven PMOS clinical model could function as an early warning system within electronic
health records (Rajkomar et al., 2018; Topol, 2019; Zad et al., 2024). Rather than waiting for a patient to
explicitly report infertility, predictive architectures could continuously analyze incoming results and notes. If
the algorithm detects linked events—such as androgenetic alopecia paired with increasing LDL cholesterol or
repeated documentation of resistant acne and menstrual irregularity—it could generate a risk score or suggest
further evaluation.

However, Al should not replace clinician judgment. It should support pattern recognition in a
fragmented system. The patient’s narrative must remain central, because PCOS/PMOS is experienced not as a
sequence of isolated variables but as a long-term embodied disruption affecting identity, metabolism, fertility
expectations, social functioning, and trust in care. A technically efficient model that reduces this experience to
a probability score may improve detection while worsening relational care if implemented without explanation
and dialogue.

5.2. The clinician-patient relationship and validation of symptoms

One of the most important sociological implications of Al-supported PCOS/PMOS detection concerns
the clinician-patient relationship. Many patients experience delayed diagnosis as a failure of recognition. Their
symptoms may be present in the record but not interpreted as connected. In such cases, Al may serve as a form
of institutional memory, helping clinicians see longitudinal patterns that brief consultations obscure.

This could have a validating effect. When an Al-supported EHR system identifies a pattern across
dermatology, gynecology, mental health, and metabolic records, it may help transform scattered complaints
into a coherent clinical hypothesis. For the patient, this may reduce the sense of being dismissed or blamed.
For the clinician, it may provide a structured prompt to ask more targeted questions and initiate earlier
preventive care.

Nevertheless, validation must not be outsourced to the algorithm. If the patient is believed only when a
model confirms her symptoms, the system risks replacing one form of epistemic injustice with another. The
goal should be to use Al to improve clinical attention, not to make the algorithm the final authority over
embodied experience.

5.3. Explainable AI and clinical accountability

Evidence-based medicine essentially rejects “black-box” diagnostic systems when they affect patient
safety. This term refers to artificial intelligence models whose decision-making process remains non-
transparent to the clinician, making it difficult to trace which variables or correlations led to a specific
diagnostic recommendation. Explainability is therefore not an optional technical feature but a requirement for
clinical accountability.

Explainable Artificial Intelligence provides interpretability for complex models. Using techniques such
as SHAP or LIME, software can indicate which variables most strongly influenced a prediction (Lundberg &
Lee, 2017; Ribeiro et al., 2016). When a system alerts a physician to potential PMOS risk, the interface should
clearly highlight the specific phrase in the clinical narrative, laboratory trend, or cross-specialty pattern that
triggered the alert. Such an architecture may provide a practical tool for early risk stratification while limiting
the “black-box” effect.

However, recent literature also warns against overestimating the value of current explainability
techniques in healthcare (Ghassemi et al., 2021). An explanation that is mathematically plausible may not be
clinically meaningful or socially fair. Therefore, explainability should be evaluated not only by engineers but
also by clinicians, patients, ethicists, and social scientists. In PCOS/PMOS, this means asking whether the
model’s explanation actually helps identify systemic endocrine-metabolic risk or merely reproduces visible,
historically recognized features such as obesity, infertility, or ultrasound morphology.
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5.4. Alert fatigue, over-medicalization, and implementation barriers

Implementing Al-supported early warning systems requires caution. In medical informatics, alert fatigue
is a recognized implementation problem in which repeated or poorly targeted alerts can reduce clinician
responsiveness to decision-support systems (Ancker et al., 2017). Every predictive architecture must therefore
utilize adaptive sensitivity thresholds to ensure that physician alerts appear only when the probability of
clinically meaningful risk is justified.

There is also a risk of over-medicalization. PCOS/PMOS exists on a spectrum of phenotypes, and not
every irregular symptom cluster should be converted into a disease label without clinical assessment. Al should
support careful evaluation, not automated diagnosis. This is particularly important in adolescents, lean
phenotypes, and patients with overlapping conditions.

Institutional implementation also requires governance. Clinical Al tools must be validated across
populations, age groups, BMI categories, and phenotypes. They must be monitored after implementation,
because performance may decline when clinical documentation practices change. In PCOS/PMOS, this is
especially important because renaming the condition and changing diagnostic emphasis may alter the very
patterns that algorithms are expected to learn.

5.5. Lifestyle, responsibility, and stigma

In clinical practice, this syndrome is characterized by immense phenotypic diversity. Observations
distinguish various developmental pathways. In patients with a normal baseline body weight, neuroendocrine
dysregulation may be accompanied by metabolic disturbances. Conversely, in another group, adiposity may
amplify the full expression of the syndrome. Insulin resistance is a pathophysiological state, not an independent
disease entity, and in many patients it is influenced by lifestyle, genetic predisposition, adiposity, inflammation,
and endocrine factors.

Integrating Al diagnostics introduces an educational challenge. Algorithmic identification of endocrine-
metabolic disorders can alleviate patient guilt and validate physical difficulties, but it should not serve as an
excuse for therapeutic passivity. Such diagnosis should be integrated with patient-centered strategies
supporting habit change. Although technology can objectively identify biochemical barriers, effective
management still relies primarily on lifestyle modification, individualized counseling, and appropriate
pharmacological or reproductive management when indicated (Teede et al., 2018; Teede et al., 2023).

At the same time, lifestyle counseling must avoid moralizing blame. Weight-centered communication
may reinforce stigma and discourage engagement with care. The social value of the PMOS framework lies in
recognizing that metabolic risk is real while avoiding simplistic narratives that reduce the patient’s condition
to personal failure.

The practical difference between legacy diagnostic logic and the proposed Al-supported PMOS
approach is summarized in Table 1. In the table, EHR refers to electronic health records, ICD to the
International Classification of Diseases, and NLP to natural language processing. The table is not intended as
a validated clinical algorithm. It is a conceptual synthesis showing how a socio-technical redesign of EHR
systems could shift recognition from isolated reproductive criteria toward integrated endocrine-metabolic and
patient-centered trajectories.
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Table 1. Conceptual comparison of legacy PCOS-oriented EHR logic with the proposed Al-supported
PMOS architecture

Diagnostic domain

Legacy PCOS strategy:
current ICD-based logic

Proposed PMOS strategy:
Al-augmented framework

Potential clinical and social
value

System entry point

Reactive: often triggered by
infertility or menstrual
irregularity codes.

Proactive: triggered by cross-
domain metabolic,
dermatological, menstrual,
psychological, and narrative
signals.

May encourage earlier
intervention before primary
gynecological complaints or
advanced complications arise.

Ultrasound utility

Primary gatekeeper: high
reliance on morphological
ovarian criteria.

Ancillary metric: integrated
alongside systemic biochemical
and narrative profiles.

May reduce diagnostic
exclusion of patients with
primarily metabolic
phenotypes and normal
ultrasound results.

Data synthesis

Static: point-in-time analysis of
structured laboratory values.

Longitudinal: multimodal
analysis of clinical narratives
and temporal trends.

Aims to extract systemic
markers hidden in
unstructured physician notes.

Patient narrative

Often fragmented across
specialties and reduced to
isolated symptoms.

Reconstructed across EHR
domains using NLP-supported
semantic linkage.

May support validation of
patient experience and
improve clinician-patient
communication.

Risk of bias

Historical underdiagnosis
remains embedded in codes and
workflows.

Bias-aware model development
and explainable outputs
required.

May reduce or reproduce
inequality depending on data
quality and governance.

Clinical focus

Symptomatic management of
localized anatomical or
reproductive issues.

Preventive recognition of
endocrine-metabolic risk and
cardiovascular trajectory.

May lower the long-term
burden of metabolic

complications.

Note. EHR = electronic health records; ICD = International Classification of Diseases; NLP = natural
language processing.

As Table 1 indicates, the central issue is not whether Al can simply “detect PCOS” with higher accuracy.
The more important question is whether Al can help healthcare systems recognize dispersed symptoms earlier
without reproducing the same social and clinical filters that historically made many patients invisible. The
value of Al therefore depends on its integration into accountable clinical workflows, not on algorithmic
performance alone.

6. Discussion

This narrative review shows that PCOS/PMOS recognition cannot be reduced to the technical accuracy
of diagnostic tools. The central finding is that delayed diagnosis emerges from the interaction between clinical
heterogeneity, fragmented care, gendered symptom interpretation, and digital infrastructures built around
historically narrow diagnostic categories. Al-supported EHR analysis may therefore be valuable not simply
because it can improve prediction, but because it may help reconstruct dispersed clinical trajectories that are
currently difficult for individual clinicians to synthesize during brief consultations.

The significance of this finding lies in reframing Al as a socio-technical instrument. In PCOS/PMOS,
the relevant question is not only whether machine learning can detect disease earlier, but whether it can support
more equitable recognition of patient experience. Natural language processing and predictive analytics may
help identify patterns across dermatology, gynecology, primary care, endocrinology, and mental health records.
However, these benefits depend on careful validation, explainability, and awareness of historical bias in
clinical documentation.

For the field of digital health, PCOS/PMOS offers an instructive case of how Al may either reduce or
reinforce diagnostic inequality. If algorithms are trained on incomplete or biased records, they may reproduce
the same under-recognition that affected previous generations of patients. If designed responsibly, they may
support earlier preventive care, improve clinician-patient communication, and strengthen women’s
cardiometabolic health. Future research should therefore examine not only predictive performance, but also
patient trust, clinical workflow integration, bias monitoring, and the social consequences of Al-supported
diagnosis.
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7. Conclusions

The recent proposal to redefine PCOS as Polyendocrine Metabolic Ovarian Syndrome emphasizes the
serious metabolic complications inscribed in this disorder, moving away from the historical reduction of the
problem solely to reproductive or ovarian issues. For this clinical knowledge to translate into better patient
outcomes, healthcare systems must evolve beyond outdated software based on narrow diagnostic codes and
fragmented specialty documentation.

The future of comprehensive ambulatory care may rely on implementing natural language processing
algorithms capable of extracting early warning signs from unstructured clinical interviews, combined with
machine learning models that learn from biochemical fluctuations and longitudinal trajectories. Implemented
through transparent Explainable Artificial Intelligence architectures, these tools have the potential to relieve
staff, shorten the diagnostic odyssey, and support earlier preventive strategies.

However, Al should not be understood as a neutral technological cure for diagnostic delay. It is a socio-
technical intervention whose effects depend on data quality, explainability, governance, clinician training, and
attention to patient experience. In PCOS/PMOS, the central challenge is not only detecting disease earlier but
also correcting a historical pattern in which women’s symptoms have been fragmented, psychologized, or
interpreted too narrowly through reproductive criteria.

Digital innovations should support clinicians in the early initiation of preventive strategies, reinforcing
the fundamental role of lifestyle modification in women’s cardiometabolic health. Ultimately, they may help
end years of patients wandering between multiple specialists’ offices, restoring the chance for early, adequate
treatment and a fuller understanding of the nature of their illness and body.
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