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Applied artificial intelligence, particularly large language models, in biomedical research is acceler-
ating, but effective discovery and validation requires a toolset without limitations or bias. On January
30, 2023, the National Academies of Sciences, Engineering, and Medicine (NAS) appointed an ad hoc
committee to identify the needs and opportunities to advance the mathematical, statistical, and
computational foundations of digital twins in applications across science, medicine, engineering,
and society. On December 15, 2023, the NAS released a 164-page report, “Foundational Research Gaps
and Future Directions for Digital Twins.” This report described the importance of using digital twins in
biomedical research. The current study was designed to develop an innovative method that incorpo-
rated phenotype-ranking algorithms with knowledge engineering via a biomimetic digital twin
ecosystem. This ecosystem applied real-world reasoning principles to nonnormalized, raw data to
identify hidden or "dark" data. Clinical exome sequencing study on patients with endometriosis indi-
cated four variants of unknown clinical significance potentially associated with endometriosis-related
disorders in nearly all patients analyzed. One variant of unknown clinical significance was identified
in all patient samples and could be a biomarker for diagnostics. To the best of our knowledge, this is the
first study to incorporate the recommendations of the NAS to biomedical research. This method can be
used to understand the mechanisms of any disease, for virtual clinical trials, and to identify effective
new therapies. (J Mol Diagn 2024, 26: 543e551; https://doi.org/10.1016/j.jmoldx.2024.03.004)
Supported by Genzeva (W.G.K. and L.K.), LumaGene (W.G.K. and
L.K.), RYLTI (L.B. and J.G.), and Brigham and Women’s Hospital
research programs (R.A.).
Artificial intelligence (AI), machine learning (ML), and
large language models (LLMs) have and continue to trans-
form biomedical research and health care. The comprehen-
sive integration of these technologies into biomedical
research holds the promise of enhancing operational effi-
ciency and reducing costs, improving diagnostic ability,
uncovering new therapeutic targets, and enabling increas-
ingly personalized medical treatments. The future of health
care will be defined by how we leverage massive amounts of
data via AI/ML/LLM analysis.

Although AI, ML, and LLMs hold tremendous promise
for driving advances in biomedical research, these
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technologies, like all technologies, have limitations. Tradi-
tional AI/ML/LLMs normalize data and remove outliers,
thus hindering the identification of hidden or dark data. This
removal of outliers is often performed to simplify data sets,
and the degree of normalization may be adjustable. AI, ML,
and LLMs also require a test training set to perform the
analysis, which could unintentionally introduce bias into the
process. However, in using AI/ML/LLMs, one can modify
tive Pathology. Published by Elsevier Inc.
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and enhance training sets to more accurately identify the
problem to be solved to reduce bias.

On July 5, 2023, former Google CEO Eric Schmidt wrote
in MIT Technology Review, “we should be cognizant of the
limitationsdand even hallucinationsdof current LLMs
before we offload much of our paperwork, research, and
analysis to them.”1,p.317 The huge data sets required by
traditional AI/ML/LLMs and the associated scale of
combinatorial math limit the ability of the algorithms to
explore biological complexity,1 relegating most key re-
lationships and critical interactions into dark dataddata that
are unseen, unexplored, and as a result, unanalyzed (Gart-
ner, Inc., Stamford, CT).

To address these issues and to provide guidance to the
biomedical community, the National Academies of Sci-
ences, Engineering, and Medicine (NAS), sponsored by
the NIH, the National Science Foundation, and the
Department of Energy, began advocating research into the
use of biomimetic digital twins technology to more
effectively model multidimensional and multiscale bio-
logical complexity.2

The NAS also published a Physics of Life Report,3,sect.7,p.22

which concluded, “An important lesson from the long and
complex history of neural networks and artificial intelli-
gence is that revolutionary technology can be based on
ideas and principles drawn from an understanding of life,
rather than on direct harnessing of life’s mechanisms or
hardware.”

As a follow-up to the NAS/NIH/National Science
Foundation/Department of Energy workshop, the NAS
appointed an ad hoc committee to identify needs and op-
portunities to advance the mathematical, statistical, and
computational foundations of digital twins in applications
across science, medicine, engineering, and society. On
December 15, 2023, the NAS released a 164-page report,
“Foundational Research Gaps and Future Directions for
Digital Twins.”4

Across multiple domains of science, engineering, and
medicine, excitement is growing about the potential of
digital twins to transform scientific research, industrial
practices, and many aspects of daily life. A digital twin
couples computational models with a physical counterpart
to create a system that is dynamically updated through
bidirectional data flows as conditions change. Going beyond
traditional simulation and modeling, digital twins could
enable improved medical decision-making at the individual
patient level, predictions of future weather and climate
conditions over longer timescales, and safer, more efficient
engineering processes. However, many challenges remain
before these applications can be realized.

This report identified the foundational research and re-
sources needed to support the development of digital twin
technologies. The report presents critical future research
priorities and an interdisciplinary research agenda for the
field, including how federal agencies and researchers across
domains can best collaborate.4
544
The report’s key conclusions include the following:

� An important theme that runs throughout this report is the
notion that the digital twin virtual representation be fit for
purpose, meaning that the virtual representationdmodel
types, fidelity, resolution, parameterization, and quantities
of interestdbe chosen, and in many cases dynamically
adapted, to fit the particular decision task and computa-
tional constraints at hand, as well as acceptable cost.

� A top priority, because of the heterogeneity,
complexity, multimodality, and breadth of biomedical
data, the harmonization, aggregation, and assimilation
of data and models to effectively combine these data
into biomedical digital twins require significant tech-
nical research.

� For many applications, the models that underlie the digital
twin virtual representation must represent the behavior of
the system across a wide range of spatial and temporal
scales. For systems with a wide range of scales on which
there are significant nonlinear scale interactions, it may be
impossible to represent explicitly in a digital model the
full richness of behavior at all scales and including all
interactions.

� Technical challenges in modeling, computation, and data
all pose current barriers to implementing digital twins for
biomedical use. Because medical data are often sparse
and collecting data can be invasive to patients, researchers
need strategies to generate working models despite
missing data.

The committee’s guidance included the following.

� A combination of data-driven and mechanistic models
can be useful to this end, but these approaches can remain
limited because of the complexities and lack of under-
standing of the full biological processes even when suf-
ficient data are available. In addition, data heterogeneity
and the difficulty of integrating disparate multimodal
data, collected across different time and size scales, also
engender significant research questions.

� New techniques are necessary to harmonize, aggregate,
and assimilate heterogeneous data for biomedical digital
twins

� Furthermore, achieving interoperability and compos-
ability of models will be essential.

Taken collectively, the comprehensive report praises the
use of AI/ML/LLMs in biomedical research but also iden-
tifies gaps and some limits of AI methods when it comes to
modeling and exploring the biological complexity of the
real world. Digital twins address many of the recommen-
dations from the report that new theories and methods are
required to address the multidimensional, multiscale char-
acteristics of problems in modeling and advanced analytics
in general, and in biomedicine in particular.
AI/ML/LLMs and digital twins could complement each

other if all of the techniques are used most carefully and
with enough knowledge in hands.
jmdjournal.org - The Journal of Molecular Diagnostics

http://jmdjournal.org


Digital Twins and Molecular Medicine
To address these issues, the current advanced genomics
experimental protocol was updated by introducing an
innovative biomimetic digital twin ecosystem. We believe
this is the first report incorporating this method into research
to understand the pathophysiology of disease.

A study using the current biomimetic knowledge engi-
neering method was used to generate an ecosystem of digital
twins that implemented real-world reasoning principles and
analyzed data that were raw and in their original state. This
meant that no cleansing or normalization was performed to
remove outliers and hide relationships and impacts within
data sets. The use of this method has both leveraged and
used dark data and has enabled unexpected discovery.3

This study focused on the molecular mechanisms of
endometriosis. Endometriosis is an inflammatory condition
occurring in 5% to 10% of women of reproductive age and
is associated with debilitating pelvic pain and infertility.5,6 It
is characterized by the presence of endometrial-like tissue
outside the uterus, mainly on pelvic organs. Definitive
diagnosis requires visualization of lesions during surgery,
contributing to a delay in diagnosis that globally averages 7
years from symptom onset. Causes of endometriosis remain
largely unknown, but the condition has an estimated heri-
tability of approximately 50%,7,8 with approximately 26%
estimated to be due to common genetic variation in the
populations studied.8

The molecular mechanisms involved in the development
of endometriosis are still being actively researched, and our
understanding of the exact processes is evolving.9 Although
the precise mechanisms are not fully elucidated, several key
molecular factors and pathways have been implicated in the
pathogenesis of endometriosis. These include the epithelial-
mesenchymal transition, angiogenesis, and vascularization.
Chronic inflammation and immune dysregulation are
considered important contributors, and hormonal factors
also play a significant role. Finally, the role that genetic and
epigenetic factors play in the pathogenesis of endometriosis
has yet to be comprehensively identified.10

Genetic and epigenetic alterations have been investigated
for their role in endometriosis susceptibility and develop-
ment. Various genetic polymorphisms and mutations have
been associated with an increased risk of endometriosis.
Epigenetic modifications, including DNA methylation, his-
tone modifications, and miRNA expression changes, can
influence gene expression patterns in endometrial cells,
affecting processes such as hormone signaling, inflamma-
tion, and tissue remodeling. These molecular mechanisms
are not mutually exclusive, and they likely interact and in-
fluence each other in a complex manner.

Previous multiomic studies, such as next-generation
sequencing (NGS) to identify pathogenic variants,
microarrays to identify polymorphic markers, RNA-
sequencing analysis for gene expression, and epigenetic
analysis, have provided limiting and confusing results in
their attempts to identify genomic markers associated with
the pathogenesis of endometriosis. A genome-wide
The Journal of Molecular Diagnostics - jmdjournal.org
association study meta-analysis, which included 60,674
cases and 701,926 controls of European and East Asian
descent, identified 42 genome-wide significant loci
comprising 49 distinct association signals.11 Although this
study is comprehensive and provides important informa-
tion on the identification of genomic loci potentially
associated with the pathogenesis of endometriosis, it did
not involve a diverse cohort composed of a wide range of
different ethnic populations. Additional research may
yield information about the potential role of ethnicity in
the mechanism of this disease.

In the current study, an innovative approach using exome
sequencing, QIAGEN’s Clinical Insight (QCI) phenotype-
driven ranking analysis (QIAGEN, Redwood City, CA), and
a biomimetic digital twin ecosystem was used to identify
dark data associated with the molecular profile of endome-
triosis. Significantly, this study yielded evidence for a po-
tential biomarker and a chromosomal hot spot associated
with the pathogenesis of endometriosis.

Materials and Methods

Patient Population

The authors declare that all endometriotic and normal
matched samples were biopsied in a clinical diagnostic
setting. All research experimental protocols were approved
by a Brigham and Women’s Hospital, of Harvard University
(Boston, MA), Human Institutional Review Board: number
2017P000184, Generation of Imaging Agents and Identifi-
cation of Therapeutics Targeting Endometriosis. The patient
ages ranged from 28 to 49 years, and they were all of White
ethnicity.

Next-Generation Sequencing

In the experimental protocol, whole exome NGS was per-
formed on each sample to determine the presence or absence
of known pathogenic mutations, and variants of unknown
clinical significance (VUSs) associated with endometriosis
(Figure 1).

Whole-genome amplified DNA (50 ng) from each sample
was used as input for library preparation (Thermo Fisher
Scientific, Waltham, MA). The library preparation was done
using xGen DNA Library Prep EZ UNI (Integrated DNA
Technologies, Coralville, IA). The DNA sample underwent
enzymatic preparation to produce fragment sizes of
approximately 200 bp. This was followed by ligation using
full-length adapters. The samples then underwent an
AMPpure bead (Beckman Coulter, Sharon, IL) cleanup and
were washed. A PCR amplification was then performed,
followed by a second AMPure bead cleanup. The samples
were then sized (4200 TapeStation; Agilent Technologies,
Santa Clara, CA) and quantitated (Qubit 4 Florometer;
Fisher Scientific, Waltham, MA). Samples were pooled with
no more than 12 samples per pool, and a 16-hour
545
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hybridization was preformed using xGen Exome Hyb Panel
version 2 (Integrated DNA Technologies).

A bead capture (Bait-Capture) and a set of post-
hybridization washes were performed using an xGen Hy-
bridization and Wash Kit (Integrated DNA Technologies).
The authors then did a post-hybridization amplification
using xGen Library Amplification Primers (Integrated DNA
Technologies), followed by an AMPure bead cleanup. The
authors’ pools were sized and quantitated once more. The
pools were normalized and pooled into a single pool.

The pooled libraries were then denatured and loaded onto
a NovaSeq 6000 (Illumina, San Diego, CA) and sequenced
using a NovaSeq 6000 S1 Reagent Kit version 1.5 (Illu-
mina). The libraries bind to grafted oligoes on the flow cell
and then hybridize and bridge on their specific oligo and
undergo multiple cycles of amplification. This forms clus-
ters using an ExAmp technology. Then, the clusters undergo
two-channel sequencing by synthesis chemistry.

Validation
The authors’ experimental protocol included a NovaSeq
6000 for short-read NGS, the Illumina Dragen Germline
pathway for secondary analysis, and QCI for tertiary
Figure 1 The experimental steps. QCI, QIAGEN’s Clinical Insight.

546
analysis. First, the authors comprehensively validated their
whole-exome sequencing against National Institute of
Standards and Technology reference/validation samples.
The authors performed accuracy, sensitivity, specificity,
positive predictive value, negative predictive value, positive
percentage agreement, and precision (inter-assay and intra-
assay) assays to complete their validation process.
The authors also participate in the College of Pathologists

surveys. The authors also perform blinded DNA sequencing
to previously known samples to ensure the accuracy of their
results.
Required passing quality control metrics for each sample

sequenced include the following: total_input_reads:
>49,000,000; number_of_duplicate_marked_reads_pct: <10%;
uniformity_of_coverage_pct_gt_02mean_over_target_region:
>95%; average_alignment_coverage_over_target_region:
>85%; and Pct_of_target_region_with_coverage_20x_
inf: >95%.
Short-read sequencing (approximately 350 bp) is the best

modality to use for this study as long-range sequencing
(approximately 3000 to 5000 bp) is more relevant to identify
structural variants. Furthermore, the current standard of care
for clinical NGS testing is using short-read sequencing.
jmdjournal.org - The Journal of Molecular Diagnostics
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Secondary Analysis

On sequencing, the authors used the Dragen Platform
(Illumina) for secondary analysis. This enrichment is an
accurate and efficient end-to-end [FASTQ-to-variant call
format (VCF)] secondary analysis solution for whole-exome
data. This application takes input files in FASTQ, BAM,
and CRAM format. Files may be decompressed, go through
map/align/sort, and go through variant calling using QCI.

Tertiary Analysis

For tertiary analysis, the authors downloaded all variants
and all phenotype ranked variants for each sample using
QCI (QIAGEN Digital Insights, Redwood City, CA). QCI
Interpret is a clinical decision support software that accel-
erates variant interpretation and reporting of hereditary and
oncology NGS tests at scale. QCI Interpret is powered by
QIAGEN Knowledge Base, the biggest manually curated
knowledge base, with insights about symptoms, phenotypes
and gene-disease associations, biomedical databases, such
as the Human Gene Mutation Database and the Catalogue of
Somatic Mutations in Cancer, medical guidelines, and a
wide variety of different bibliography content sources that
are clinically relevant and are manually curated daily. QCI
Interpret computes and combines all the relevant informa-
tion related to the variant of interest, and distributes the
relevant biological context. QCI Interpret over the past 20
years has been using >20 million curated findings and ev-
idence and has analyzed >3 million clinical cases supported
by AI and augmented molecular insights. Additionally, it
offers the possibility of phenotype-driven analysis, where
the user can submit phenotypes or symptoms of suspected
disease or disease under investigation along with the .vcf file
of the sample. On the basis of this information, the QCI
Interpret phenotype-driven ranking algorithm estimates and
ranks genomic variants based on the probability of being the
causative one for the disease, symptoms, or the phenotypes
under investigation by taking into account multiple vari-
ables, such as zygosity, predicted pathogenicity of variant,
mode of inheritance, Combined Annotation Dependent
Depletion (CADD) score, and more variant-centric variables
as well as all the curated molecular insights from the
QIAGEN Knowledge Base.

Knowledge Engineering Using a Biomimetic Engine2e4,12e15

� Each twin models a discrete component of the analytical
scope of the ecosystem.

� Internal properties and behaviors must be modeled to a
level of sufficient comprehensiveness to enable the re-
actions that are required for the ecosystem to reflect the
real world to the scope of its design.

� Each twin can initiate an interaction with others or
respond as prompted.

� Mitigation of bias is achieved by:
The Journal of Molecular Diagnostics - jmdjournal.org
B Independent design of each twin.
B Abstract knowledge graphs populated without defining

specific problems or events.
B Autonomous interactions between the twins.

This real-world reasoning approach enables the construction
of models that integrate highly diverse elements and infor-
mation sources to enable exploration and discovery to a
scope that traditional information architecture cannot
accommodate.

Systems Thinking and Real-World Reasoning
The NAS recommends addressing complexity using sys-
tems thinking. Key observations are as follows:

� Bottom-up, mechanistic, linear approaches to under-
standing macro-level behavior are limited when consid-
ering complex systems.

� Bottom-up, reductionist hypotheses and approaches can
lead to a proliferation of parameters; this challenge can
potentially be addressed by applying top-down, system-
level principles.

� Systems thinking can be used to predict macroscopic
phenomena while bypassing the need to explicitly un-
mask all the quantitative dynamics operating at the
microscopic level.

Although all knowledge engineering efforts seek to
incorporate elements of cognitive science, a key aspect of
the authors’ innovation strategy is the driving role of a
cognitive method, which is enabled by biomimetic infor-
mation architectures. Brain processes are systemic and
leverage what neuroscientists label plasticity and sparsity.

� Plasticity is the ability to engage diverse combinations of
neurons and synapses by relevance to the purpose of the
analysis, and to dynamically adapt internal functional
architectures.

� Sparsity is the ability to identify the minimum data
required. The brain can respond to situations that are
simultaneously new on multiple dimensions and can even
categorize one data point.

The neuronal and synaptic architecture of the brain is an
ecosystem, which, according to the National Academies of
Science, contains 100 trillion neurons. Systemic architec-
ture, plasticity, and sparsity are core to biological learning,
but are not similar to ML algorithms. The biomimetic
technologies that enable elements of real-world reasoning
are as follows.

� Expertise graphs.
� Neural system dynamics digital twins.

Researchers can imitate principles of plasticity and spar-
sity by implementing qualitative expertise graphs and
leveraging them for contextual selection of data and
methods from the in-memory model library. Unlike the
deterministic methods to which traditional application
547
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engineering is limited of necessity, systemic modeling re-
quires the coexistence of chaotic and stochastic model ele-
ments, as well as their ability to dynamically interact with
the deterministic elements.

For several years, AI has been looked to as the leading
pathway to genetic understanding and drug development.
However, deep learning and natural language processing have
three key challenges that are addressed by the biomimetic
digital twin ecosystem method presented in this article.
Biomimetic Digital Twin Ecosystem Process Tailored for
the Analysis

i) Each patient endometrial DNA sample and matched
control underwent exome sequencing, secondary
analysis, and tertiary analysis. All DNA variants and
phenotype ranked variants were exported to the digital
twin ecosystem’s data lake (Figure 2).

ii) Expert knowledge graphs were produced listing all
previously reported DNA variants potentially associ-
ated with the pathophysiology of endometriosis and
were exported to the digital twin ecosystem’s data lake.

iii) Expert knowledge graphs were produced from pa-
thology reports on each endometriosis sample and
were exported to the digital twin ecosystem’s data lake.

iv) Expert knowledge graphs were produced from each
patient medical record and exported to the digital twin
ecosystem’s data lake.

v) The digital twin ecosystem’s biomimetic engine then
combined all data downloaded from Clinical Insight,
including in silico calculations, phenotype ranked ref-
erences, and multifactor correlations to the generated
knowledge graphs, and produced a list of gene variants
classified as VUSs potentially associated with the
pathophysiology of endometriosis.

vi) The digital twin ecosystem’s biomimetic engine
ranked all VUSs according to the number of times that
they were present in patient samples but absent from
Figure 2 Biomimetic digital twin ecosystem process tailored for the analysis
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controls and provided output on genes that mapped to
the same chromosome arm.

vii) The digital twin ecosystem’s biomimetic engine’s
output pinpointed four genes, with DNA variants clas-
sified as VUSs, and phenotypes potentially associated
with the pathophysiology of endometriosis, endometrial
cancer, or an endometrial form of ovarian cancer.

viii) The digital twin ecosystem process output data were
uploaded into GeneCards and VarElect to confirm
results.
. UI, u

jm
a. GeneCards is a searchable, integrative database that
provides comprehensive information on all anno-
tated and predicted human genes. The knowledge
base automatically integrates gene-centric data from
approximately 150 web sources, including genomic,
transcriptomic, proteomic, genetic, clinical, and
functional information.16,17

b. VarElect is a comprehensive phenotype-dependent
DNA variant/gene prioritizer that can identify
causal DNA variants with phenotypes. VarElect
provides search and scoring capabilities, profi-
ciently matching DNA variant-containing genes to
submitted disease/symptom/phenotype keywords.
The VarElect algorithm infers direct as well as in-
direct links between genes and phenotypes.18
ix) The digital twin ecosystem’s biomimetic engine does
not make recommendations or draw conclusions, but
rather provides researchers with evidence for consid-
eration that is not visible to AI or traditional bioin-
formatics platforms or approaches.
Statistical Analysis

Although statistical methods may ordinarily be applied to
the data at this stage in the analysis, the authors’ method
enables researchers to discover real-world evidence that
they cannot find using standard research software, including
ML/AI tools. Assessing the statistical significance of the
ser interface.
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evidence, if desired, can be performed, but the calculations
depend on the researcher’s hypotheses in combination with
other available evidence. The use of P values and associated
methods is not without controversy.19 The authors’
approach delivers the results and the supporting evidence,
and adding a statistical component to the outcome could
reduce the clarity of the results and possibly add bias.

Results

Result 1: Phenotype Ranking of DNA Variants

All DNA variants from QIAGEN’s Clinical Insight from each
patient’s endometriotic and control tissue sample pairs were
downloaded. Pathogenic mutations were identified in 8 of 12
patient samples in the following genes: CPB1 (c.516C > A),
CD36 (c.447_450dupTCAA), AXDND1 (c.125dupA),
PROKR2 (c.254G > A), PKN1 (c.1663C > A), DUOX2
(c.2654G > T), CHST15 (c.1366dupC), and ATP6V1B1
(c.988G > A).

All of these mutations are associated with endometriosis,
endometrial cancer, or an endometrial form of ovarian
cancer. No pathogenic mutations were identified in normal
patient-matched control samples.

CPB1 (c.516C > A). This mutation is found in some
patients with ovarian cancer in the analysis of germline and
somatic variants in ovarian cancer.1

CD36 (c.447_450dupTCAA). Down-regulation of CD36
results in reduced phagocytic ability of peritoneal macro-
phages of women with endometriosis.

AXDND1 (c.125dupA). Mutations in this gene are asso-
ciated with ovarian cancer.

PROKR2 (c.254G > A). This mutation is associated with
Kallmann syndrome. Kallmann syndrome combines an
impaired sense of smell with a hormonal disorder that de-
lays or prevents puberty. This hormonal disorder is due to
the underdevelopment of specific neurons, or nerves, in the
brain that signal the hypothalamus.

PKN1 (c.1663C > A). This mutation is associated in the
development of cancer in populations of women studied
with severe endometriosis.

DUOX2 (c.2654G > T). Hypoxia-inhibited dual-speci-
ficity phosphatase-2 expression in endometriotic cells reg-
ulates cyclooxygenase-2 expression and is thought to be
associated with the development of endometriotic lesions.

CHST15 (c.1366dupC). CHST15 expression in tissue is
thought to be a prognostic factor of tumor cancer antigens in
patients with endometrial cancer.

ATP6V1B1 (c.988G > A). This mutation is associated
with epithelial ovarian cancer.

Result 2: Combining Phenotype Ranking and Digital
Twin Analysis

All phenotype ranked variantswere downloaded using specific
key terms that described the phenotype of endometriosis,
The Journal of Molecular Diagnostics - jmdjournal.org
endometrial cancer, or an endometrial form of ovarian cancer
using a phenotype-driven ranking filter (QIAGEN Clinical
Insight Interpret) for each patient sample andmatched controls.
The data were then exported into their biomimetic digital twin
ecosystem. Hidden or dark data for DNA variants were iden-
tified in fourgenes classifiedasVUSs inpatient samples but not
found in patient matched controls.

The VUSs identified were in genes MUC 20 (12/12),
USP17L1 (8/12), FAM66B (8/12), and DEFB109B (12/12).

MUC20. MUC20 polymorphisms, especially rs10794288
and rs10902088, are associated with endometriosis as well
as endometriosis-related infertility.

USP17L1. This is predicted to enable cysteine-type
endopeptidase activity and thiol-dependent deubiquitinase.
It is predicted to be involved in protein deubiquitination and
regulation of apoptotic process. Atypical regulation of
apoptosis could be involved in the pathophysiology of
endometriosis.

FAM66B. A long noncoding RNA, from the family of
regulatory noncoding RNAs. Mechanistic studies indicate
that long noncoding RNAs may regulate genes involved in
endometriosis by acting as a molecular sponge for miRNAs,
by directly targeting regulatory elements via interactions
with chromatin or transcription factors, or by affecting
signaling pathways.

DEFB109B. Understanding the biology of endometrial
stem cell populations is important for defining normal and
abnormal endometrial tissue regeneration and lineage cell
commitment. This gene plays a role in the transmission of
abnormalities across cell lineages and contributes to prolif-
erative disorders, such as endometrial polyps, endometri-
osis, and endometrial hyperplasia/cancer.
Discussion

We believe this is the first study incorporating QIAGEN
Clinical Insights Interpret phenotype-driven ranking filters
with knowledge engineering via the use of a biomimetic
digital twin ecosystem and genomic analysis, to provide
greater understanding of the molecular mechanism of disease.

In this study, eight pathogenic mutations associated with
the pathophysiology of endometriosis, endometrial cancer,
or an endometrial form of ovarian cancer were identified in
8 of 12 patient samples analyzed. Additionally, QIAGEN’s
Clinical Insight and our biomimetic digital twin ecosystem
identified four VUSs also associated with the development
of endometriosis-related disorders.

One VUS, in the MUC20 gene, maps to chromosome 3,
and was identified in all 12 patient samples analyzed.
MUC20 polymorphisms, especially rs10794288 and
rs10902088, are associated with endometriosis as well as
endometriosis-related infertility.

The other identified VUSs in genes USP17L1, FAM66B,
and DEFB109B all mapped to the short arm of
chromosome 8.
549
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USP17L1 is predicted to enable cysteine-type endopep-
tidase activity and thiol-dependent deubiquitinase. This
gene is involved in protein deubiquitination and the regu-
lation of the apoptotic process. Atypical regulation of
apoptosis is hypothesized to be involved in the pathophys-
iology of endometriosis.

FAM66B is a long noncoding RNA, a type of regulatory
noncoding RNA. Mechanistic studies indicate that long
noncoding RNAs may regulate genes involved in endome-
triosis by acting as a molecular sponge for miRNAs, by
directly targeting regulatory elements via interactions with
chromatin or transcription factors or by affecting signaling
pathways.

DEFB109B is involved in normal and abnormal endo-
metrial tissue regeneration and lineage cell commitment.
Transmission of abnormalities across cell lineages may
contribute to proliferative disorders, such as endometrial
polyps, endometriosis, and endometrial hyperplasia/cancer.

Significantly, a potential biomarker associated with
endometriosis was identified and the presence of a VUS was
demonstrated within theMUC20 gene in all patient samples.

Furthermore, expression of the DEFB109B and FAM66B
genes is regulated by the same enhancer sequence. These
sequences are regulatory DNA sequences that, when bound
by transcription factors, enhance the transcription of an
associated gene(s). This suggests a possible hot spot on the
short arm of chromosome 8 that could be associated with the
molecular pathophysiology of endometriosis.

The identification of these VUSs does not confirm that
they play a role in the development of endometrial-related
disorders. The digital twin ecosystem was able to uncover
variants classified as VUSs on genes potentially associated
with endometriosis. GeneCards and VarElect were also
incorporated into these analyses. GeneCards provides
comprehensive information on all annotated and predicted
human genes. VarElect is a comprehensive phenotype-
dependent DNA variant/gene prioritizer that can identify
causal DNA variants with phenotypes. VarElect provides
search and scoring capabilities, proficiently matching DNA
variant-containing genes to submitted disease/symptom/
phenotype keywords. The VarElect algorithm infers direct
as well as indirect links between genes and phenotypes.

These results provide evidence that the identified VUSs
are highly likely to play some role in the pathophysiology of
endometriosis, endometrial cancer, and an endometrial form
of ovarian cancer. Furthermore, we describe an innovative
way to potentially reclassify VUSs.

For several years, traditional AI has been looked upon as
the leading pathway to genomic understanding and drug
development. However, the three key challenges of deep
learning and natural language processing are addressed by
the biomimetic digital twin ecosystem method. These
challenges include instability, blindness to dark data, and
risks and biases that are being challenged by the US Food
and Drug Administration (https://www.fda.gov/news-events/
fda-voices/fda-releases-two-discussion-papers-spur-conver
550
sation-about-artificial-intelligence-and-machine, last accessed
January 27, 2024).
Gartner, Inc., coined the phrase "dark data" to describe

organizational information assets that are excluded from
analytical processes, leaving the associated insights invisible
and the value unharvested.
Addressing each of the above three limitations requires

finding and connecting biological dark data. Standard AI is
blind to the dark data because algorithms can only find
what they have been engineered to find. Furthermore, AI
can only work within the narrow limits of the algorithm’s
training data, which is large (many rows), narrow (limited
attributes), and cleansed (outliers removed). These factors
greatly diminish the ability to identify high-value insights.
Shedding light on the darkened insights requires small/

wide data methods. Wide data allow analysts to examine
and combine a variety of small and large attributes from
diverse sources, whereas small data are focused on applying
analytical techniques that look for useful information within
limited sets of data.
The biomimetic digital twin ecosystem architecture en-

ables finding and connecting dark data because:

� Each twin models a discrete component of the analytical
scope of the ecosystem.

� Internal properties and behaviors must be modeled to a
level of sufficient comprehensiveness to enable the re-
actions that are required for the ecosystem to reflect the
real world to the scope of its design.

� Each twin can initiate an interaction with others or
respond as prompted.

� Mitigation of bias is achieved by:
B Independent design of each twin.
B Abstract knowledge graphs populated without defining

specific problems or events.14

B Autonomous interactions between the twins.

All methods have limitations, including digital twins. One
limitation is the requirement of expert knowledge graphs to
drive the digital twin engine. Expert knowledge graphs are
prepared by subject matter experts in their field of scientific
discovery.
The outputs of our digital twin ecosystem are arrays of

scenarios with associated evidence and predictions. Tradi-
tional AI/ML/LLM also produces output predictions and the
outputs from the various methods should be, in the future,
compared closely. The comparison results will be valuable
in identifying additional gaps in biomedical research.
One potential limitation of these results is that only 12

patient samples and matched normal controls were
analyzed in this study. However, a biomimetic digital twin
ecosystem is powerful in its ability to analyze small, wide
data sets and identify dark data. Another potential limita-
tion is that all of the patients were of White descent.
Additional studies are required to discover the role of
ethnicity, if any, in the pathogenesis of endometrial-related
disorders.
jmdjournal.org - The Journal of Molecular Diagnostics
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Digital Twins and Molecular Medicine
In conclusion, using our advanced genomic process,
including exome sequencing, QIAGEN’s Clinical Insight,
and a biomimetic digital twin ecosystem, can help under-
stand the molecular mechanism of disease. The current
analysis identified a potential biomarker for a molecular test
for endometriosis. These data also identified a potential hot
spot for the molecular study of endometriosis on the short
arm of chromosome 8. The combination of a knowledge
engineering platform and comprehensive molecular ana-
lyses can be used for the identification of molecular mech-
anisms for any disease. It can include and clarify the role of
factors such as ethnicity in the severity of disease, perform
virtual clinical trials, and aid in the rapid identification of
new therapies for the effective treatment of disease.
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