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Abstract. Endometriosis poses significant challenges in diagnosis and
management due to the wide range of varied symptoms and systemic
implications. Integrating machine learning into healthcare screening pro-
cesses can significantly enhance and optimise resource allocation and
diagnostic efficiency, and facilitate more tailored and personalised treat-
ment plans. This paper discusses the potential of leveraging patient-
reported symptom data through causal machine learning to advance en-
dometriosis care and reduce the lengthy diagnostic delays associated with
this condition. The goal is to propose a novel personalised non-invasive
diagnostic approach that understands the underlying causes of patient
symptoms and combines health records and other factors to enhance
prediction accuracy, providing an approach that can be utilised globally.

Keywords: Female reproductive health - Endometriosis - Artificial In-
telligence - Prediction models - Diagnosis - Menstrual health

1 Introduction

Endometriosis is a prevalent, chronic, inflammatory condition affecting approx-
imately 10% of individuals assigned female at birth during their reproductive
years and beyond. Historically characterised as a gynaecological disease [7], re-
cent research has revealed its systemic implications [16]. Endometriosis can affect
virtually all organs in the human body, with symptoms ranging from asymp-
tomatic cases to severe, life-altering conditions [14, 26].

Common symptoms include menstrual irregularities, heavy menstrual flow
(menorrhagia), painful periods (dysmenorrhea), pain during sexual intercourse
(dyspareunia), chronic pelvic pain unrelated to menstruation, tenderness, ad-
nexal mass (growths near the uterus/ovaries), infertility or subfertility, depres-
sion, anxiety, abdominal bloating, nausea, and restricted mobility [10,26]. In
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more advanced cases, patients often experience bowel and bladder-related symp-
toms such as painful bowel movements (dyschezia), loss of bladder control (dy-
suria), blood in the urine or stool during menstruation, painful urination, and
chronic fatigue [24]. Given the multitude of symptoms, overlapping conditions,
and the complexity of the disease, the root cause of endometriosis has not yet
been conclusively determined [1,10]. It has been hypothesised that one cause
may be retrograde menstruation, where menstrual blood flows backwards into
the pelvis during menstruation. Some of the menstrual blood contains endome-
trial tissue, which is believed to implant within a woman’s abdomen, leading to
patches of endometriosis [18]. This is not the sole cause of the condition, however,
as 90% of all menstruating women are thought to experience this phenomenon.
On the contrary, other sources suggest that endometriosis may start at birth,
with symptoms not triggering until puberty [23]. There are many varying theo-
ries on the source of the condition, with no one definitive cause. The aetiology
of endometriosis remains medically undetermined, complicated by its complex
multifactorial nature. This complexity likely contributes to the challenges in un-
derstanding and diagnosing the condition, as multiple variables seem to influence
its development and progression in patients [4, 15].

Further complexity arises when patients with endometriosis, whether sus-
pected or diagnosed, have comorbidities that contribute to pelvic-related symp-
toms. These additional conditions must be considered within a comprehensive
diagnostic algorithm. Common comorbidities include Irritable Bowel Syndrome
(IBS), Interstitial Cystitis, and Adenomyosis [22], all of which present with simi-
lar pelvic symptoms. Their presence can complicate the clinical scenario, making
accurate diagnosis more challenging and often resulting in significant delays in
identifying the condition and starting appropriate treatment and management.
This complexity emphasises the need for thorough diagnostic protocols and tech-
nological support for clinical decisions that account for conditions with overlap-
ping symptoms. Integrating such considerations into diagnostic tools is crucial
for enhancing diagnostic accuracy, supporting and ensuring that the diagnostic
process reflects the multifaceted approach taken by clinicians in practice.

We believe that leveraging multiple diverse sources of health data (including
patient-reported data) and cutting-edge machine learning (ML) techniques for
analysis can reduce diagnostic delays by accurately identifying the underlying
causes of patient symptoms [11]. Causal machine learning, which focuses on
understanding and identifying the causal relationships between variables rather
than just correlations, holds particular promise in this area. By applying causal
ML techniques, we can move beyond traditional correlation-based models to
uncover the underlying mechanisms of endometriosis. This can lead to more
accurate diagnostic tools that not only predict the likelihood of the disease but
also provide insights into the potential causes of patient symptoms.

The goal of the EndoML Project is to develop a novel personalised non-
invasive diagnostic approach that utilises diverse health data, including patient-
reported information, and applies advanced ML techniques to reduce diagnostic
delays. By understanding the underlying causes of patient symptoms, combining
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health records with other relevant factors, and enhancing prediction accuracy, we
aim to create a globally applicable diagnostic tool. Even if the EndoML Project
has been specifically developed for targeting endometriosis, and the data col-
lected focuses on that, the underlying (causal) machine learning approach can
potentially shed light on more generic solutions to address the diagnosis of other
conditions. Overall, such approaches can optimise healthcare resource allocation,
for example, reducing unnecessary tests and procedures, improving the diagnos-
tic process through timely and accurate identification of the condition (in this
case, endometriosis), and facilitating the creation of shareable computational
methods for personalised treatment.

This paper is structured as follows. Section 2 provides the context of our
work and the need for digital solutions to address diagnostic delays in general,
and endometriosis in particular. We discuss related work and research lever-
aging AI/ML techniques, including the shortcomings of existing attempts for
algorithmic-based diagnosis of endometriosis. Section 3 presents the EndoML
Project and the technical details underlying the proposed causal ML model,
focusing on the prediction flow and introduction to the wide data collection
through a comprehensive survey. Section 4 presents data collection approach and
findings from initial data analysis, including data preprocessing and descriptive
statistics. Finally, Section 5 concludes the paper with our aims for future work.

2 Endometriosis Care and Diagnosis Delays

One of the most challenging aspects clinicians face when seeing patients is to
ensure the correct diagnosis of their conditions. This can be challenging when
symptomatic manifestations can vary considerably between individuals, partic-
ularly in complex conditions such as endometriosis [1]. There are complex care
pathways and diagnosis scenarios for endometriosis with delays evident from
both patients’ and clinicians’ viewpoints (refer to Fig. 1 and Table 1). It is im-
portant to acknowledge that the list of delays is not exhaustive and is subject
to further investigation [1,11].

From clinicians’ viewpoint, the complex nature of endometriosis, presenting
varied symptoms and potential overlap with other conditions, brings challenges
such as the lack of effective guidelines and integrated holistic health history. For
instance, in this context, the average time to diagnosis in the UK is reported
to range from 4 to 11 years [1|. From patients’ viewpoint [1], for some individ-
uals, endometriosis is accompanied by a barrage of symptoms that significantly
impair their quality of life on a daily basis, including pain (through a variety
of manifestations), and often infertility. Other patients may exhibit few to no
symptoms, and as a result, diagnosis may occur unexpectedly during a secondary,
unrelated medical procedure, leading to further tests to better understand the
state of the patient’s endometriosis. Some asymptomatic individuals are likely
to remain undiagnosed but the same holds true for symptomatic sufferers, given
the intricacies involved in the diagnostic process and potential misinterpretation
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Endometriosis care pathway and delays in diagnosis
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occurrences occurrences
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Fig. 1: Complex scenario of delays in endometriosis care (refer to Table 1).

Patient viewpoint

p1 Lack of awareness

p2  Normalisation of symptoms

ps  (Limited) Access to care

pa  Fear of judgement/being a burden

ps  Downplaying symptoms

ps Difficulty recalling & communicating symptom history
pr Hormonal birth control masking symptoms

ps Long waiting list times for referrals from Primary Care
po  Reluctance to have invasive procedures performed

p1o Long waiting list times in Secondary and Tertiary Care (Surgical interventions)

Clinician viewpoint

c1 Lack of guidelines & holistic health history

ca  Poor recognition of symptoms

c3  Normalisation of symptoms

¢4 Somatisation of symptoms

¢s Patient has non-specific symptom profile

cé Need to test for differential conditions

c7  Poor collaboration between healthcare providers
cs Non-diagnostic imaging tests

c9 First-line management of symptoms vs. diagnostic testing
c1o Other factors masking symptoms

c11 Reluctance to perform invasive procedures

Table 1: Contrasting viewpoints on diagnostic delays (in Fig. 1).
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of clinical signs (refer to the clinicians’ viewpoint misdiagnoses occurrences in
Fig. 1).

In summary, the significant diagnosis delay is not solely due to clinical com-
plexities but also stems from broader systemic challenges within healthcare de-
livery and patient awareness [6]. Both clinician and patient sources of delays
are subject to societal-induced biases stemming from the historical minimisa-
tion, normalisation, and somatisation of sufferers’ pain [1]; whether this delay
directly or indirectly influences the outcome. Both are also impacted by the re-
luctance to perform invasive procedures, resulting in a longer waiting time for
laparoscopic (gold standard) diagnosis.

Laparoscopic surgery is invasive, costly, and presents risks of potential dam-
age to internal organs during surgical exploration. This is probably why, from
the onset of symptoms and their progressive presentation, clinicians traditionally
start the diagnosis process with physical examinations, periodic symptom track-
ing and management, followed by imaging modalities, tests (or assessments) for
differential conditions, but mostly considering first-line management iterations
modified over time based on individual’s response or circumstance to suppress or
alleviate the symptoms [22] (refer to management interventions illustration on
Fig. 1). Moreover, even laparoscopic surgery has the potential for false negative
results as illustrated on the right side of Fig. 1, culminating in more cycles of
management interventions and further potential diagnostic surgeries. This risk is
particularly high if surgery is performed by a general surgeon or a non-specialist
in endometriosis. Such inaccuracies can lead to further patient interventions and
more costly actions, as the underlying condition remains unidentified and inad-
equately managed (or insufficiently treated).

There is hence a need for digital solutions, algorithms, and tools that address
the burden surrounding diagnostic difficulties, can support and reduce diagnos-
tic delays and improve the quality of life for both confirmed and suspected en-
dometriosis sufferers, especially those who are severely affected. Ultimately, these
solutions would be highly beneficial when integrated into primary, secondary, and
tertiary healthcare settings, potentially avoiding risky and costly invasive pro-
cedures [23,27]. A personalised non-invasive diagnostic approach can become an
essential tool to effectively triage patients for referrals to tertiary care, such as
gynaecology, ensuring that those in need of specialised care are identified and
treated more promptly.

2.1 Machine learning in endometriosis diagnosis and treatment

Machine learning (ML) has the potential to transform traditional approaches
in healthcare diagnosis and treatment [27]. However, the integration of ML in
healthcare remains challenging due to stringent requirements for data quality,
privacy, and regulatory compliance [17]. As in any critical domain, developing
healthcare AI/ML tools requires meticulous attention to detail and adherence
to rigorous standards. In the last decade, research on algorithmic detection and
treatment of endometriosis has gained attention due to the growing awareness
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and understanding of the condition among healthcare professionals, the general
public, and increased patient advocacy [3, 8].

ML is set and suitable to optimise and increase efficiency in many areas of
medical diagnostics and treatment, especially for conditions with complex or un-
known etiologies such as endometriosis [23]. These areas range from improving
the core understanding of a condition’s manifestations, progression, and patient
phenotypes to enhancing research and development towards improving processes
and guidelines used by clinicians in their daily practice. This continuous improve-
ment is supported by a feedback loop inherent in ML applications; the more data
and results these systems integrate and analyse, the more refined and effective
they increasingly become. This cyclical process of learning and adapting helps
drive advancements in both theoretical knowledge and practical applications,
effectively closing the loop of improvement. Fig. 2 lists our understanding of the
varied focus and impact of AI/ML tools throughout the years in the context of
endometriosis such as topics mentioned in 1,11, 22,25, 27|, among other sources.

Customised treatment plans

Real time decision support Integration with EMRs
Al driven triaging & referrals \ /

Optimised surgical team planning Optimised

Clinician
Workflow

Symptom pattern recognition
Predictive diagnostic tools

Detecting subtle symptom changes

Real-time feedback }\ Impact of AI/ML
' Validation of symptoms \ - \/ Enéz(r’rlfetfﬁ(rzsis

Gives patient more of a voice:/‘ ‘ Patient QoL "

' Enhanced communication / :
with care providers ) -
Early warnings

\'Behavioural & lifestyle guidance

Better treatment adherence - Disease educationi

Improved ease of access

Fig.2: Focus and impact of AI/ML algorithms and tools for endometriosis.

It is essential to remark there are a few relevant points related to the adequate
choice of methods and approaches that focus on symptom information and a
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better understanding of endometriosis. A common theme within the published
research on endometriosis diagnosis is the use of ML methods such as Regression
analysis [5, 8], which look for data correlations without understanding deeper
causal relationships between variables. Some approaches can have significant
drawbacks, for instance, limited or inappropriate cohort selection (which can
result in skewed outcomes and limited generalisability) and selection bias (due
to strict inclusion/exclusion criteria, which can result in under-representation of
certain subsets), failing to capture the disease’s full heterogeneity [3, 5, 8]. These
examples of limitations underscore the need for more sophisticated techniques
that can handle diverse and complex data while providing deeper insights into
causal mechanisms [19, 21].

In summary, capturing the full diversity of the endometriosis population is
essential for developing accurate diagnostic tools that can be applied globally. By
including a more representative sample of patients, these tools can better reflect
the variety of symptoms and disease manifestations, leading to more precise and
effective diagnostics and treatments. This comprehensive approach is relevant
for improving patient outcomes and ensuring that diagnostic tools are effective
across different demographics and healthcare settings [1].

While statistical prediction models for diagnosis offer considerable potential
[20], it is crucial to advance our understanding of endometriosis and its nuanced
behaviour through more advanced algorithmic techniques; moving beyond mere
analysis of simple correlations [11]. In contrast to traditional ML methods (e.g.,
Decision trees, Gradient boosting, and AdaBoost) commonly applied in the lit-
erature [13,20], causality-based techniques [19,21] aim to uncover the diseases
that cause symptoms, not just the statistical relationships to symptoms, which
may be erroneous or unable to capture the complex existing causal relationships.

Causal ML specifically seeks to model and test hypothetical interventions,
determining the direct effect of one variable over another through do-calculus
performed on causal Bayesian networks [19]. This allows researchers to experi-
ment with “what-if" scenarios, with insights on how altering certain factors could
hypothetically impact the presence and severity of symptoms [11]. In a diagnos-
tic context, the modelled scenario would be as follows: ‘what if a patient did not
have endometriosis; would their symptoms still be expected to persist?’. This
shift towards prioritising causality over correlation is an important advancement
in endometriosis research, where multiple overlapping symptoms and factors
complicate diagnosis and treatment. Consequently, by distinguishing between
correlation and causation, causal ML can help identify risk factors and imple-
ment effective early interventions, rather than merely associating symptoms with
the disease. One predictor approach could prioritise interventions that identify
which symptoms would persist if the condition were absent in a patient, hence
accurately determining which symptoms are directly caused by endometriosis.
Additionally, this approach holds promise to increase model accuracy and offer
more targeted, effective diagnostic interventions.
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3 The EndoML Project and Data Collection

Incorporating algorithmic tools to assist clinicians in diagnosing and prioritising
treatment based on symptom profiles can decrease the number of supplementary
investigative appointments and diagnostic tests, thereby alleviating diagnostic
delays [1,4,9, 18, 27]. A significant portion of the delay in diagnosing endometrio-
sis stems from healthcare professionals’ uncertainty about a definitive diagnosis,
which is particularly concerning given the condition’s progressive nature [2].

The EndoML Project aims to minimise the need for invasive diagnostic pro-
cedures, such as laparoscopic surgery, blending patient-generated data from mul-
tiple sources and (causal) machine learning (ML) techniques. In addition, estab-
lishing the most likely underlying cause of a patient’s symptoms can increase
clinicians’ confidence in promptly referring patients to specialised care teams,
promoting efficient healthcare provisioning and optimised resource allocation.
There is a noticeable gap in clinical workflows that ML tools could strengthen to
enhance diagnostic efficiency, for instance, by automating patient data analysis,
recognising patterns and abnormalities in patient data, and providing informed
clinical decision support.

The ultimate goal is to develop an ML tool that is easily interpretable, and
adaptable to new and evolving knowledge, providing comprehensive insights into
variables and their relationships, rather than solely focusing on correlations. The
premise is that causal ML techniques can result in more accurate diagnostic tools
that can also provide valuable insights into the potential causes of a patient’s
symptoms [19, 21]. In practice, causal ML modelling involves key steps:

— Data collection: patient data must be collected, including variables related
to the condition of interest, potential causal and risk factors, and treatment
outcomes. The data collection phase should be comprehensive, aiming to in-
tegrate diverse and detailed patient information. It is important to balance
data input from clinical assessments with self-reported patient data to cap-
ture a full picture of the condition’s impact. This dual approach facilitates
a deeper understanding of the condition from both medical and patient-
oriented perspectives. Fig. 3 depicts the aspects related to data collection,
with both clinician data, patient self-reported data, and their potential over-
lap. It stresses the characteristics, benefits, challenges and limitations related
to different data collection perspectives. This overview presents the various
data collection methods, illustrating examples of clinician data and poten-
tial patient self-reports, along with the common variables each source offers.
It also highlights a few key advantages and disadvantages of each method,
providing insights to consider when selecting data sources.

— Graph construction: Directed Acyclic Graph (DAG) construction, where
potential causal variables are identified based on the collected data, domain
knowledge and prior research. This step is crucial as it lays the groundwork
for understanding the underlying mechanisms of the condition. This step
also involves the integration of expert knowledge into the DAG structure to
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Fig. 3: Comparing clinical and patient self-reported data.

ensure that it accurately represents the hypotheses about causal pathways
and reflects both direct and indirect relationships among variables. Through
iterative refinement and updating, the DAG becomes a dynamic tool upon
which we perform simulated interventions based on established causal links.

Causal Inference: causal inference techniques are employed to estimate
the causal effects of variables on the outcome of interest. Structures such
as causal Bayesian networks [21] can model these relationships. This step
involves the examination of hypothetical scenarios through counterfactual
reasoning, which helps predict what would happen to the outcome if a vari-
able were altered while controlling for other factors. This provides a solid
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foundation for making informed decisions about treatment strategies and
diagnostic outcomes when used in a clinical setting.

— Evaluation: causal ML model must undergo rigorous evaluation and results
interpretation. Appropriate metrics, such as accuracy, precision, recall, and
Fl-score, are used to evaluate the model’s ability to make effective and reli-
able predictions for new data. Cross-validation techniques are also employed
to validate the model’s performance and to prevent overfitting. Involving
clinicians in the validation process is crucial to ensure the practical appli-
cability and clinical relevance of the model. This step incorporates expert
feedback to fine-tune the model.

— Updating: causal ML model is continuously updated with new data and
findings. As more patient data becomes available, the model parameters and
structures are revised to incorporate the latest information. The updating
process ensures that the model remains current and accurate over time. Reg-
ular updates also involve re-evaluating the model’s performance metrics and
making necessary adjustments to improve prediction accuracy. This step is
vital for maintaining the model’s relevance and for adapting to new infor-
mation. In addition to routine model updates, ongoing surveys and novel
data collection methods should be explored to constantly enrich the dataset.
Future efforts may focus on integrating diverse health data streams, includ-
ing real-time patient monitoring and digital health records, to continuously
refine and enhance the predictive capabilities. These initiatives are crucial
for capturing a broader spectrum of patient experiences and for tailoring
interventions more effectively.

— Deployment: once validated, the model can be deployed in a clinical set-
ting, where it can assist healthcare providers in making informed diagnos-
tic and treatment decisions. The deployment phase involves integrating the
model into existing healthcare systems, training clinicians on its use, and
establishing protocols for its application in clinical practice.

— Maintenance: post-deployment, the causal ML model must be continuously
monitored for performance and accuracy, leveraging ongoing feedback from
clinicians and patients to identify areas for improvement. Regular mainte-
nance will ensure the model adapts to new data and evolves according to
clinical practice and emerging research findings, sustaining its effectiveness
and utility in real-world settings.

Finally, Fig. 4 shows the proposed prediction modelling flow for endometrio-
sis. The model input is global patient-collected survey data, which undergoes a
series of stages, from data preparation and cleaning to their utilisation within
the causal ML algorithms via the causal graph. The prediction modelling flow
leads to probabilities as output that can be leveraged to estimate the likelihood
(either positive or negative) of endometriosis or differential diagnoses in new
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Fig. 4: Overview of EndoML Project and its proposed prediction modelling flow.

patients exhibiting symptoms. Future refinements could involve tailoring output
predictions to further identify the most effective treatment pathways to match
the specific manifestations of symptoms in patients.

Causal machine learning emerges as a promising research direction, upgrad-
ing existing Bayesian Network-based solutions by incorporating causal reason-
ing into the modelling process [21]. The hypothesis is that we can overcome the
limitations of traditional statistical-based ML approaches, which are primarily
correlative, integrating causal inference methodologies. Unlike traditional meth-
ods, the Noisy-OR Twin Bayesian Networks [19, 21] allow us to model complex
causal relationships among disease and symptom variables, providing a deeper
understanding of patient-reported data. The term “noisy-OR” refers to the ex-
tension of traditional Bayesian Networks (BNs) by introducing uncertainty via
‘noisy’ nodes and logical OR operations. The term ‘twin’ refers to the two dif-
ferent versions of the world that the model encapsulates, the factual world and
the counterfactual world (where ‘interventions’ are performed). Introducing ad-
ditional uncertainty and complexity allows us to model more realistic scenarios
with incomplete or uncertain data [21]. Furthermore, causal inference uncovers
these causal relationships by simulating interventions on diseases via the math-
ematical ‘do(x)’ operator [21]. These interventions demonstrate the strength of
the relationship between a condition being ‘cured’ or ‘switched off’ and the like-
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lihood of a symptom also being ‘switched off’ as a result [19, 21]. This logic leads
to typically stronger predictions that account for temporal knowledge and under-
lying mechanisms of associations between variables, facilitating more accurate
and reliable predictions, thus possibly increasing chances of clinician adoption.

It should be emphasised that the EndoML Project prioritises a patient-
centric approach, highlighting the importance of understanding and addressing
the unique experiences and needs of individuals affected by endometriosis. Util-
ising patient-reported symptom data allows the patient to feel empowered by
proactively participating in their healthcare journey, despite one of the most
prominent challenges being data quality. Examples are the impact of recall bias
and the reduced ability to control confounders in causal ML techniques [12, 21].
The potential benefits of the approach still outweigh these risks, as healthcare
providers can customise interventions based on individual symptom profiles for
faster and more effective treatment outcomes.

Our data collection methodology involves a thorough questionnaire applied
across three countries (UK, Brazil, Austria) based on the EHP-30 survey and
influenced by the intake form used in an Austrian Fertility clinic. This survey
covers an array of variables spanning demographics, menstrual history, family
background, fertility, sexual health, surgical history, and contraceptive usage,
to cover the various symptoms experienced by women. The selection of a de-
veloped country with a national healthcare system (UK), a developed country
with a predominant reliance on private healthcare (Austria), and a developing
country (Brazil) was strategic. This choice aimed at capturing socioeconomic
and geographical differences to include diversity in the input data and, hence,
build a potentially stronger predictor. It is important to note that although we
selected social media support groups in the countries of interest (UK and Brazil),
we encouraged the distribution of this survey link outside of these groups to gain
a larger respondent pool and capture a larger subset of the population. From
the UK Survey collection, we reached a total of 475 entries with 227 complete
valid responses from the UK specifically but we are aware of respondents from
outwith the UK (except from Brazil/South America).

Fig. 5 details the geographical distribution of respondents of the UK Survey
(2024) per country. Although a vast majority of respondents were from the UK,
a large proportion of responses (91) came from the United States. Australia was
the third most frequent country of response with 14 valid questionnaires being
submitted. This distribution indicates not only a wide interest in the topic but
also reflects the effectiveness of our outreach strategy in engaging a diverse inter-
national audience even though this was not the original intended population. In
total, including the UK, the survey reached 28 countries so far which highlights
the global interest in this work and the willingness of sufferers to share their
experience to improve endometriosis research. Once collected, the survey data
is cleaned and treated, automatically analysed by a Python script, which gener-
ates probability distributions for each variable, through Kernel Density Estima-
tion (KDE) for continuous variables, and builds custom predictions for distinct
variables. The resulting distributions are then transformed into a Conditional
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Respondents of the UK Survey (2024)
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Fig.5: Geographical distribution of respondents of the UK Survey per country.

Probability Table (CPT) to weight the BN (please refer to Fig. 4). Free text
inputs may undergo analysis via NLP techniques to uncover relevant responses
that can also add knowledge to the ML prediction model. However, in practical
applications, addressing challenges during data preprocessing becomes crucial,
especially when managing the diverse quality of free text inputs and formulating
robust strategies to tackle ambiguous or context-dependent language [12].

Finally, the output of the causal inference algorithm, determined by the ex-
pected disablement and expected sufficiency calculations [19,21], is instrumen-
tal in determining whether a patient’s symptoms likely indicate endometriosis,
based on diverse data (i.e., from the three countries) and the causal ML model
predictions. Expected disablement quantifies the estimated degree of impairment
caused by endometriosis-associated symptoms. This involves the causal inference
algorithm’s analysis of collected data, considering the severity of symptoms and
their impact on the individual’s well-being. Expected sufficiency reflects the like-
lihood that the observed symptoms suggest a positive endometriosis diagnosis
by evaluating symptom patterns and their associations. Both calculations can
be used interchangeably to predict an individual’s probability of diagnosis [21].

Therefore, in addition to upgrading existing Bayesian network-based solu-
tions, this approach focuses on collecting diverse data from multiple sources.
This strategy is essential for designing a highly accurate diagnostic tool capa-
ble of understanding more comprehensively the intricacies of endometriosis. The
data diversity ensures that the resulting tool remains applicable, shareable, and
usable across various geographical regions and demographic groups. This also
brings the benefit of bias mitigation that may arise from limited or homoge-
neous datasets [2], thereby enhancing the generalisability and reliability of our
diagnostic tool, increasing the probability of adoption into clinical workflows.
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4 Preliminary Insights

The EndoML Project data collection and preprocessing have commenced in
preparation for the application of the causal ML algorithms. Initial data analy-
sis focuses on understanding the demographic and clinical characteristics of the
survey respondents, as well as identifying key patterns and variances in their
reported symptoms and medical history. This preliminary analysis serves as a
foundational step towards building robust ML models that can accurately di-
agnose and provide personalised treatment recommendations for endometriosis.
Thus, in this section, we present findings from initial data analysis, including
descriptive statistics and visual data representations.

4.1 Data collection & survey key areas

We orchestrated and implemented an extensive online survey to collect diverse
data concerning endometriosis and women’s health perceptions. The EndoML
Project Survey was distributed through online social media support channels
in two countries (UK and Brazil), whilst in the Austrian fertility clinic a con-
solidated version was utilised as an intake form for new patients. Furthermore,
although the survey questions remain consistent across all data collection clus-
ters, translation is necessary to accommodate participants who may be more
comfortable responding in their native language, thereby increasing accessibility
and reducing potential misinterpretations.

The survey includes diverse variables such as demographics, menstrual his-
tory, family background, fertility, sexual health, surgical history, and contracep-
tive use, alongside gathering individuals’ perceptions on different aspects of the
condition. The goal is to integrate a comprehensive dataset with key variables
of the condition, providing detailed and high-quality information to inform the
causal ML model. Following is the summary of these key areas covered by the
survey and the insights they offer:

— Demographics
- Coverage: age, country, ethnicity, education, occupation.
- Insights: identifies demographic patterns and highlight potential biases.

— Diagnosis & History
- Coverage: age at diagnosis, diagnostic methods, family history.
- Insights: highlight current diagnostic delays and genetic predispositions.

— Symptoms Descriptions
- Coverage: presence and severity of symptoms like menstrual irregulari-
ties, pelvic pain, and pain during intercourse.
- Insights: essential for identifying symptom patterns and variations, which
aids in making accurate predictions.
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Cycle & Bleeding
- Coverage: menstrual cycle regularity, duration, bleeding intensity.
- Insights: indicators of menstrual abnormalities, disease/condition pres-
ence, severity and progression.

Pain Characteristics
- Coverage: type, frequency, and intensity of pain during menstruation,
ovulation, and intercourse.
- Insights: differentiates between pain severity levels, manifestations, pain
sensations, essential for predictive accuracy.

Surgeries
- Cowverage: surgical history, types, and outcomes.
- Insights: details surgical interventions and their effect on symptom relief
and disease progression.

Bowel & Bladder
- Coverage: symptoms like pain during urination (or defecation); frequency,
severity.
- Insights: on the multi-system impact of endometriosis, not only repro-
ductive symptoms; it can assist in identifying advanced stages (III/IV).

— Pregnancies
- Coverage: pregnancy history, conception difficulties, outcomes.
- Insights: highlights impacts on fertility and pregnancy outcomes; it can
be used to help guiding treatment plans.

— Birth Control
- Cowverage: use of birth control, types, effectiveness.
- Insights: evaluates symptom management effectiveness through birth
control methods.

The diverse responses enabled by the UK Survey (2024) allow us to capture
the nuances of the heterogeneous nature of endometriosis, with significant vari-
ance in symptom profiles and women’s experiences. This variability is critical for
developing a robust model that provides personalised diagnostic and treatment
recommendations.

4.2 Data preprocessing & descriptive statistics

Building on the understanding gained from the diverse questions and responses,
this section presents descriptive statistics derived from the collected survey data.
A natural first step (please refer to Fig. 4) is to prepare the data, performing tasks
such as cleaning (e.g., removing empty responses, correcting data entry errors or
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inconsistencies), transforming (i.e., coding responses, standardising data, etc.)
and handling outliers (i.e., excluding or adjusting them).

An example of a common error made by respondents, among others, was
entering their weight in pounds instead of kilograms as requested. To account
for this, we established a threshold within the data to identify instances where
respondents likely misunderstood the input format. Then, we manually converted
these presumed pound values to their kilogram equivalents. This issue likely
occurred because the questionnaire link was shared beyond the UK, leading to
numerous responses from participants non-UK residents.

Following, we present some results from the UK Survey data, the character-
istics of the average respondent, the variance observed in the data distributions
of some variables and a preliminary data interpretation. Initial data analysis has
laid the groundwork for our causal ML algorithms, which aim to leverage the
gathered insights to enhance endometriosis diagnosis and treatment.

Average Respondent. In terms of demographic characteristics, the average
respondent age (considering a total of 371 valid responses out of 475) was 33.3
years old, with a standard deviation of 8.38, indicating a diverse age range among
participants. Additionally, the distribution of educational backgrounds varied,
with the majority of respondents holding a professional degree or equivalent
qualification. These findings underscore the heterogeneous nature of the survey
sample and emphasise the importance of considering individual differences in
developing personalised diagnostic and treatment strategies for endometriosis.

Variance in Data Distributions. A preliminary analysis revealed significant
variance in key variables related to endometriosis, reflecting the diverse experi-
ences of individuals with the condition. For instance, the distribution of diagno-
sis time (in months) exhibited a wide range, with some individuals experiencing
markedly delayed diagnoses (refer to the histograms in Fig. 6).

Similarly, the distribution of the number of days bleeding during a menstrual
period showed considerable variability, with some respondents reporting very
long durations whilst others reporting none at all (Fig. 7a); also distribution of
age at menarche or first period (Fig. 7b).

These data distributions highlight the complexity of endometriosis and un-
derscore the need for tailored approaches to diagnosis and management. To visu-
ally represent these variations, we present histograms, bar charts, and box plots,
depicting the distribution and variance of some key variables, providing insights
into the heterogeneity of experiences among individuals with endometriosis.

Overall, the descriptive statistics and variance analysis presented here offer
valuable insights into the symptomatology and diversity of experiences associ-
ated with endometriosis. These findings serve as a foundation for further research
and the development of personalised diagnostic and treatment algorithms aimed
at improving outcomes for individuals affected by this condition.
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Fig. 6: Distribution of diagnosis time (in months) experienced by suspected and
diagnosed endometriosis sufferers.
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Fig. 7: Distribution of menstrual cycle length and age of first period (menarche)
experienced by endometriosis sufferers.
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Preliminary Data Interpretation. We illustrate in this paper some insights
through visual representations. For instance, histograms depict the distribution
of diagnosis time in months for both diagnosed and suspected sufferers (refer
back to Fig. 6). It is evident from these representations the significant delay
experienced by both groups, which emphasises a concerning gap in healthcare
provision quality. Preliminary analysis reveals significant variance also in other
key variables, indicating the diverse experiences of individuals with endometrio-
sis. For example, the duration of the menstrual cycle and the age at menarche
(Fig. 7) show wide ranges, suggesting that endometriosis can manifest differ-
ently among individuals. In addition, the prevalence and variation of common
symptoms highlight the importance of personalised varied approaches.

The insights derived from the UK Survey data serve as valuable input for
developing the causal ML approach, allowing us, for example, to understand
why certain diagnostic outcomes occur and why certain interventions are more
effective. Our aim is to develop more tailored and effective diagnostic outcomes
for individuals with endometriosis.

Another histogram (Fig. 8) illustrates the distribution of a key variable,
the menstrual pain intensity, providing insights into the severity experienced
by respondents. Additional box plots (Fig. 9) present the distribution of men-
strual versus non-menstrual pain intensity (severity), providing a comprehensive
overview of the dataset in relation to the variable ‘pain’.
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Fig. 8: Intensity of menstrual pain experienced by endometriosis sufferers.

Fig. 10 presents a bar chart displaying the frequency of comorbidities com-
monly linked with endometriosis, shedding light on its potential impact on other
health conditions and the diagnostic challenges that may occur due to comor-
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Box Plot of Menstrual Pain Intensity Box Plot of Non-Menstrual Pain Intensity
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Fig. 9: Distribution of pain intensity during and outwith menstruation.
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Inflammatory Disease; (9) Ulcerative Colitis; (10) Chron’s Disease; (11) No known comorbidities.

Fig. 10: Most frequent comorbidities reported by endometriosis sufferers.

bidities. Furthermore, Fig. 11 shows a bar chart highlighting the different types
of pain experienced by individuals with suspected or diagnosed endometriosis
who participated in the UK Survey, demonstrating the multifaceted nature of
the condition. The data reveals common pain descriptors among sufferers: 281
respondents characterised their pain as ‘stabbing’ and 271 as ‘aching’. The term
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Frequency of Different Types of Pain Experienced
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Fig. 11: Types of pain experienced by endometriosis sufferers.

‘splitting’ was least frequently used, with only 58 responses, suggesting it may
be a less common descriptor. This variation in pain descriptions not only reflects
the different pain manifestations in endometriosis but also highlights that not
all individuals experience pain in the same way [5, 10].

The visual representations provided complement our descriptive statistics,
enhancing our understanding of the data and reinforcing the need for person-
alised approaches in diagnosing and treating endometriosis. They also serve as
valuable tools for communication, enabling stakeholders’ understanding of the
multifaceted nature and diverse manifestations of the condition. The data high-
lights that personalised approaches are vital for managing the heterogeneity
of endometriosis. Future research should focus on integrating machine learning
with clinical outcomes to develop dynamic models that can predict individual
treatment responses.

The next steps in our analysis process will involve the implementation of
the Noisy-OR twin diagnostic network and counterfactual algorithm in order
to make predictions on new users’ probability of endometriosis, based on the
knowledge gained from the diverse data sources and the expertise of teams of
clinicians. There is a challenge ahead to ensure the EndoML predictor is accu-
rate considering the complexities of real-world data. We understand that data
quality is critical to the solution, as any errors or biases can affect the model’s
performance. We may refine our data integration approach to gather more var-
ied and targeted information, enhancing the completeness of our dataset and
strengthening our model’s predictive power.
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5 Conclusion

Causal machine learning algorithms for diagnostics show promise in providing
accurate predictions that could in the future be used to aid clinicians in under-
standing the root cause of patient symptoms in complex cases. Earlier identifi-
cation of symptoms may reduce diagnostic delay and indirectly also promote a
more sustainable use of resources. Understanding the most likely cause of symp-
toms facilitates the development of tailored healthcare frameworks with world-
wide benefits, particularly in the case of conditions with varied manifestations,
as with endometriosis. Ultimately, the goal is to reduce the pain and suffering of
patients, moving beyond traditional management approaches and the recurrent
use of medications and surgeries, delaying diagnosis and effective treatment. By
refining diagnostic accuracy, we can offer a more efficient, less invasive diagnostic
pathway that seeks to identify the root causes of symptoms caused by conditions
like endometriosis, leading to better patient outcomes and quality of life.

Innovations in health informatics, like causal ML, offer potential for optimal
diagnosis and treatment pathways, however, challenges such as data quality,
biases from self-reported patient data, and clinical adoption of Al-based tools
need addressing. Despite these obstacles, future research should prioritise the
development of user-friendly diagnostic tools based on causal decision-making
algorithms for both clinicians and patients. In this context, ‘user-friendly’ means
providing interfaces that simplify the complex outputs of causal decision-making
algorithms into actionable insights. This ensures accessibility without requiring
deep technical knowledge. This approach can thus facilitate further potential
exploitation of underlying AI/ML algorithms in critical scenarios.

Implementing such tools for endometriosis — a condition marked by complex
symptoms and diagnostic challenges — establishes a precedent for transforming
the diagnostic processes for other multifactorial diseases in similarly causality-
focused ways. Such advancements could significantly improve the diagnostic pro-
cess and patient experience across various conditions, demonstrating the broad
relevance and applicability of these algorithmic tools.
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