From Molecules to Medicine: The
Complex Reality of Multi-Omics Clinic
Decision Support

OCT 09, 2025 « PAID

Q4 DO 2 Share

Disclaimer: The views and opinions expressed in this essay are solely my own and do r

reflect the views, policies, or positions of my employer or any affiliated organizations.

Abstract

The convergence of genomics, transcriptomics, proteomics, and metabolomics w
artificial intelligence represents one of the most promising yet complex frontier:
modern healthcare. This essay examines the technical, clinical, and business
challenges surrounding multi-omics integration in clinical decision support syst
Key areas of focus include the evolution of Al-driven variant interpretation fron
based systems to deep learning architectures capable of predicting splicing outc
and regulatory variant effects, the practical considerations of integrating high-
dimensional molecular data with traditional clinical metrics in real-world healt}
settings, the emerging paradigm of real-time omics-informed therapeutic decisis
and their implications for precision medicine, and the critical infrastructure
challenges around data privacy, computational scale, and establishing effective
feedback loops that link patient outcomes back to predictive models. For health
entrepreneurs and investors, this landscape presents significant opportunities ir
building the computational and clinical infrastructure necessary to operationali
multi-omics medicine, though success will require navigating substantial techni
hurdles, regulatory considerations, and the fundamental challenge of demonstra

clinical utility at scale.
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Introduction: The Promise and Reality
Multi-Omics Medicine

When the Human Genome Project concluded in 2003 at a cost of approximately
billion dollars, the medical community anticipated a rapid transformation of cli
practice. Two decades later, we find ourselves in a paradoxical position where
sequencing a human genome costs less than a thousand dollars and can be comp
in hours, yet the translation of this data into actionable clinical insights remains
frustratingly incomplete. The bottleneck has shifted from data generation to dat
interpretation, and this shift represents one of the most significant opportunitie
healthcare technology today. The challenge is no longer whether we can read the
genetic code but rather whether we can understand what it means in the context
specific patient, at a specific moment in their disease trajectory, with sufficient

confidence to guide therapeutic decisions that may carry significant risks and co

The field of genomics has matured considerably since those early days of the Hu
Genome Project, but maturity has brought complexity rather than simplicity. W
understand that the genome itself represents only one layer of biological inform
and that understanding disease and therapeutic response requires integrating d:
across multiple molecular scales. Transcriptomics tells us which genes are actua

being expressed in a given tissue at a given time. Proteomics reveals which prote



are present and in what quantities, capturing post-translational modifications tk
cannot be inferred from RNA levels alone. Metabolomics provides a snapshot of
small molecules that represent both the end products of cellular processes and t
environmental influences on those processes. Each of these omics layers generat:
massive datasets measured in gigabytes or terabytes per patient, and the relation

between layers are complex, non-linear, and often tissue-specific and time-deper

For health tech entrepreneurs, this landscape presents both opportunity and pet
The opportunity lies in building the infrastructure, algorithms, and clinical

workflows that can transform multi-omics data from research curiosity into clin
tool. The peril lies in underestimating the technical challenges, overestimating t
near-term market, or building solutions that work brilliantly in research setting
fail to integrate into actual clinical practice. The companies that will succeed in
space are those that understand not just the biology and the algorithms, but alsc
economics of healthcare, the regulatory pathways, the reimbursement landscape

the practical constraints of hospital information systems and clinical workflows.

The integration of artificial intelligence into multi-omics interpretation has
accelerated dramatically in the past five years, driven by advances in deep learni
architectures, increases in computational power, and the accumulation of large
datasets linking molecular measurements to clinical outcomes. Yet even as Al m
achieve impressive performance on benchmark datasets, the path from research
publication to clinical deployment remains long and uncertain. This essay explo:
the current state of multi-omics integration in clinical decision support, focusin
the technical capabilities, clinical applications, infrastructure requirements, anc

business opportunities that define this emerging field.

The Evolution of Variant Interpretation
From VCF Files to Deep Learning

The interpretation of genetic variants represents one of the oldest and most mat
applications of genomics in clinical practice, yet it remains an area of active

innovation and significant clinical need. When a patient undergoes whole genon



exome sequencing, the resulting data typically identifies between three and four
million single nucleotide variants and roughly five hundred thousand small inse
or deletions compared to the reference genome. The vast majority of these variai
common polymorphisms with no clinical significance, but buried within this hay
are typically dozens of variants in disease-associated genes, a handful of which n
genuinely pathogenic or therapeutically relevant. The challenge of variant

interpretation is to separate signal from noise with sufficient confidence to guid

clinical action.

Traditional variant interpretation has relied on a combination of population
frequency data, computational predictions of functional impact, experimental
evidence from model systems, and clinical observations from patients with simil
variants. This approach is codified in guidelines from the American College of
Medical Genetics and Genomics, which classify variants into categories from be
to pathogenic based on multiple lines of evidence. However, this framework, wh
valuable, has significant limitations. It performs well for variants that cause obv
disruption to protein function, such as frameshift mutations or variants affectin,
canonical splice sites, but struggles with missense variants, non-coding variants,
variants in genes with complex biology. Roughly half of variants identified in dis
associated genes remain classified as variants of uncertain significance, a categor

provides little guidance for clinical decision-making.

The application of machine learning to variant interpretation began with relativ
simple models that combined features like conservation scores, protein structur
predictions, and biochemical properties to predict whether a variant would be

deleterious. Tools like SIFT and PolyPhen became widely used, but their accura
remained limited, particularly for variants in functional domains that are poorly
characterized or for genes where the relationship between molecular function ar
clinical phenotype is complex. These early tools also struggled with calibration,
producing scores that were difficult to interpret probabilistically and that shows

systematic biases based on the training data available.

The emergence of deep learning has transformed the landscape of variant

interpretation in several important ways. Rather than relying on hand-crafted



features, neural networks can learn representations directly from sequence data
protein structures, evolutionary information, and other inputs. Models like
AlphaMissense from DeepMind and the various implementations of transformer
architectures applied to genomic sequences have demonstrated substantially
improved performance in predicting variant pathogenicity, particularly for miss;
variants. These models leverage massive pretraining on sequence data from mill;
species, allowing them to learn evolutionary constraints and functional patterns

generalize across genes and functional contexts.

One of the most exciting developments in Al-driven variant interpretation is the
prediction of splicing effects. Splicing, the process by which non-coding intronis
sequences are removed from RNA transcripts, is regulated by complex sequence
motifs both within and outside the canonical splice sites at intron boundaries.

Variants that disrupt splicing can have severe functional consequences, but prec
these effects from sequence alone has historically been challenging because the
governing splicing are complex, context-dependent, and involve both positive an
negative regulatory elements spread across hundreds of nucleotides. Deep learni
models trained on large datasets of RNA sequencing experiments can now predi
splicing outcomes with remarkable accuracy, identifying variants that create cry
splice sites, disrupt existing sites, or alter the balance between alternative splice
forms. Tools like Splice Al have achieved performance that rivals or exceeds that
experimental validation in many contexts, and are beginning to be integrated int

clinical variant interpretation pipelines.

The interpretation of regulatory variants presents an even greater challenge that
coding variants because regulatory elements are harder to identify, their effects :
often cell-type specific and context-dependent, and the relationship between alt:
gene expression and clinical phenotype can be subtle. Variants in enhancers,
promoters, or other regulatory elements may alter transcription factor binding,
chromatin accessibility, or three-dimensional genome organization, leading to cl
in gene expression that contribute to disease risk or therapeutic response. Al mc
for regulatory variant interpretation typically integrate sequence data with

epigenomic information like histone modifications, DNA accessibility, and



transcription factor binding profiles from relevant cell types. These models can
predict which variants are likely to disrupt regulatory function, though translati
these predictions into clinical recommendations remains challenging because th

magnitude of expression change required to influence phenotype is often unkno

Despite these advances, significant challenges remain in deploying Al for varian
interpretation in clinical settings. One fundamental issue is that model perform:
on held-out test sets, while impressive, may not translate directly to clinical util
model that achieves ninety-five percent accuracy on a benchmark dataset of well
characterized variants may still produce an unacceptable rate of false positives ¢
negatives when applied to the full spectrum of variants encountered in clinical

practice, particularly for rare variants in understudied populations or genes witl
limited functional characterization. The cost of errors is asymmetric in clinical

medicine. A false negative, where a pathogenic variant is missed, may delay diag
or lead to inappropriate treatment. A false positive, where a benign variant is fla
as pathogenic, may lead to unnecessary interventions, cascade testing of family

members, or psychological harm.

Another challenge is interpretability and trust. Deep learning models are often
criticized as black boxes, producing predictions without clear explanations of th
underlying reasoning. This opacity is particularly problematic in clinical setting
where physicians need to understand why a variant is flagged as pathogenic to
integrate that information with other clinical data, explain the findings to patier
and make treatment decisions that may have significant consequences. Recent w
on interpretable Al, including attention mechanisms that highlight which regios
sequence are most important for predictions and techniques for generating salie
maps, has begun to address this challenge, but the field has not yet converged or
standards for what constitutes adequate interpretability in clinical variant

interpretation.

The regulatory pathway for Al-based variant interpretation tools remains somew
ambiguous. Software that performs automated variant classification could be
considered a medical device subject to FDA oversight, particularly if it is marke

with specific claims about clinical use. However, many tools are distributed as



research-use-only or are embedded within laboratory-developed tests that fall u;
different regulatory framework. As these tools become more powerful and more
widely adopted, regulatory clarity will be essential to ensure appropriate validat
and oversight while not stifling innovation. From an entrepreneurial perspective
companies building variant interpretation tools must carefully consider their
regulatory strategy, balancing the desire for rapid iteration and broad adoption

against the need for rigorous validation and regulatory compliance.

Beyond the Genome: Integrating
Expression, Protein, and Metabolite D¢

While genomics has received the most attention and investment in precision
medicine, the past decade has seen explosive growth in other omics technologies
measure different layers of biological information. Transcriptomics, which meas
RNA levels across the genome, provides insight into which genes are actively
expressed in a given sample. Unlike the genome, which is essentially static acros
most cells in the body, the transcriptome is highly dynamic, varying across cell t
developmental stages, disease states, and in response to therapeutic intervention
Technologies like RNA sequencing have made it possible to measure the express
tens of thousands of genes simultaneously, and single-cell RNA sequencing can 1
profile thousands or millions of individual cells from a tissue sample, revealing

cellular heterogeneity that is invisible to bulk measurements.

The clinical applications of transcriptomics are diverse and growing. In oncolog
gene expression signatures have been used for cancer classification, prognosis, a
treatment selection for over a decade. Tests like Oncotype DX for breast cancer
Prosigna for various tumor types use expression profiles of specific gene panels
estimate recurrence risk and guide decisions about adjuvant chemotherapy. Mor
recently, comprehensive RNA sequencing is being used to identify actionable fu
novel splice variants, and expression outliers that might indicate druggable
dependencies. For example, a patient whose tumor shows exceptionally high
expression of a receptor tyrosine kinase might be a candidate for targeted therag

even in the absence of a known activating mutation. Expression data can also rev



immune cell infiltration patterns and checkpoint molecule expression that infor

decisions about immunotherapy.

Integrating transcriptomics with genomics provides a more complete picture th:
either modality alone. A variant of uncertain significance in a tumor suppressor
takes on greater clinical significance if expression data shows that the gene is
essentially silenced, suggesting that the variant may be disrupting function thro
mechanism not apparent from sequence alone. Conversely, a known pathogenic
germline variant might have limited clinical impact if expression data shows tha
affected gene is not expressed in relevant tissues. This kind of integrative analys
requires sophisticated computational approaches that can handle the very differ
statistical properties of genomic and transcriptomic data. Genomic data is spars
categorical, consisting primarily of presence or absence of variants at specific
positions. Transcriptomic data is continuous, high-dimensional, and noisy, with
expression levels spanning several orders of magnitude and significant technical

biological variation.

Proteomics, the measurement of protein abundance and modification state, adds
another crucial layer of information. While RNA levels provide an important sig
about gene activity, they do not always correlate well with protein levels due to
differences in translation efficiency, protein stability, and post-translational
modifications. Mass spectrometry-based proteomics can now measure thousands
proteins from clinical samples, though it remains more expensive, time-consumi
and technically challenging than genomics or transcriptomics. Recent advances
data-independent acquisition methods and improvements in sensitivity have ma
proteomics more clinically tractable, and several companies are working to deve
proteomic tests for early cancer detection, minimal residual disease monitoring,

treatment selection.

The clinical value of proteomics is perhaps most obvious in the context of target
therapies where the drug target is a protein. A patient might have genomic or

transcriptomic evidence suggesting high activity of a particular signaling pathw:
direct measurement of the phosphorylation state of key proteins in that pathway

provides more definitive evidence about whether the pathway is actually active a



targetable. Proteomics can also reveal compensatory mechanisms or resistance
pathways that are not apparent from genomic or transcriptomic data alone. For
instance, tumors treated with targeted therapies often develop resistance throug
upregulation of alternative signaling pathways, and proteomic analysis of resista

tumors can identify these mechanisms and suggest combination therapy strategi

Metabolomics, the measurement of small molecule metabolites, represents the
downstream output of all the processes encoded in the genome, transcriptome, ¢
proteome, plus environmental influences like diet, microbiome, and drug expost
Metabolomic profiles can provide insight into metabolic pathway activity, organ
function, and disease state that complements genetic and expression data. For
example, inborn errors of metabolism can be diagnosed by characteristic patterr
metabolite accumulation, and metabolomics is increasingly used in newborn
screening. In cancer, metabolomic profiling reveals altered metabolic states that
create therapeutic vulnerabilities. Some tumors are highly dependent on specific
metabolic pathways, and metabolomics can identify which pathways are most ac

a given tumor, potentially guiding selection of metabolic inhibitors.

The integration of multiple omics layers into clinical decision support systems

presents formidable computational and conceptual challenges. Each omics layer
generates high-dimensional data with its own statistical properties, measuremer
noise, and biological interpretation. Genomic variants are discrete and can often
interpreted in a relatively deterministic framework, at least for coding variants 1
clear functional impact. Expression, protein, and metabolite levels are continuot
measurements that require statistical modeling to distinguish signal from noise
account for technical variation, biological variation, and confounding factors lik

sex, and tissue composition.

Machine learning approaches to multi-omics integration have evolved considera
recent years. Early approaches often involved simple concatenation of features fi
different omics layers followed by standard classification or regression algorithn
More sophisticated methods now use multi-view learning, where separate model
trained on each omics layer and their outputs are integrated, or deep learning

architectures that can learn joint representations across layers. Autoencoders an



variational autoencoders have been particularly popular for multi-omics integra
because they can learn low-dimensional representations that capture the most
important patterns across high-dimensional omics datasets while handling missi

data and noise.

One of the key insights from multi-omics studies is that different omics layers o
provide complementary information rather than redundant information. In seve
cancers, integrative analyses have revealed subtypes that are not apparent from ¢
single omics layer alone. These subtypes may have different prognoses, different
responses to therapy, and different underlying biology. For clinical decision sup
this means that single-omics approaches, no matter how sophisticated, may miss
important patterns that become apparent only when multiple layers are considei
together. However, it also means that building effective multi-omics decision suj
systems requires access to multiple types of data from the same patients, which

practical challenges around sample collection, processing, cost, and turnaround

From an entrepreneurial perspective, the multi-omics integration space is crowc
but still immature. Many companies have focused on single omics modalities, bt
platforms for genomic interpretation or expression profiling or proteomics anals
Fewer have succeeded in building truly integrative platforms that can handle mt
omics layers in a unified framework, in part because the technical challenges are
substantial and in part because the clinical workflows and reimbursement struct
have not yet evolved to support multi-omics testing at scale. The companies mos
likely to succeed in this space are those that can demonstrate clear clinical utilit
multi-omics integration in specific disease contexts, that can navigate the regula
and reimbursement landscape, and that can build platforms flexible enough to

incorporate new omics modalities and new analytical methods as the field contir

evolve rapidly.

Real-Time Omics in Clinical Practice:
Architecture and Workflows



The vision of omics-informed clinical decision support is compelling: a patient

presents with cancer, an infection, or a genetic condition, and within hours or d:
comprehensive molecular profiling guides precise therapeutic selection, dosing,
monitoring. Reality is considerably more complex. Delivering omics data to clini
in a timeframe and format that can actually influence decisions requires careful
attention to laboratory workflows, computational infrastructure, clinical integra
and user experience. The technical challenges of generating omics data in real-ti
are substantial but increasingly surmountable. The challenges of integrating tha
into clinical workflows and decision-making processes are at least as important :

often more difficult to solve.

Consider the case of acute myeloid leukemia, where rapid molecular characteriz
can guide initial therapy selection. Current standard of care involves cytogenetic
flow cytometry, and targeted molecular testing for a panel of relevant mutations,
results typically available within a few days. Comprehensive genomic profiling a
value by identifying additional therapeutic targets and prognostic markers, but
conventional whole genome or exome sequencing workflows often require weeks
sample collection to report, which is too slow to influence initial treatment deci:
Recent advances in rapid sequencing protocols have compressed this timeline
substantially. Nanopore sequencing platforms can generate draft genome data w
hours, and advances in library preparation and informatics have reduced the enc
end time for whole genome sequencing to under twenty-four hours in research
settings. Several academic centers now offer ultra-rapid genome sequencing for
critically ill neonates with suspected genetic conditions, with diagnosis often acl

within two to three days.

Translating these research demonstrations into routine clinical practice require:
building robust infrastructure and workflows. Sample collection, tracking, and
processing must be standardized and quality-controlled. Laboratory informatior
systems must integrate with sequencing platforms and downstream analysis pips
Computational infrastructure must be sized to handle peaks in demand while
maintaining fast turnaround times, which often means maintaining significant e

capacity that sits idle much of the time. Analysis pipelines must be validated,



reproducible, and capable of handling edge cases and unusual sample types. Res
reporting systems must deliver findings to clinicians in formats that integrate w

electronic health records and clinical decision support tools.

The informatics challenge of real-time omics is particularly acute because of the
computational intensity of processing and interpreting omics data. Whole genor
sequencing generates hundreds of gigabytes of raw data per sample, which must
processed through computationally intensive alignment, variant calling, and

annotation pipelines. On standard compute infrastructure, this processing can t
many hours or even days. Accelerated pipelines using GPUs or FPGAs can redu
processing time substantially, but require specialized hardware and software. Cl
computing provides elastic capacity but introduces data transfer bottlenecks ans
costs. Several companies have built specialized hardware and software platforms
rapid genome analysis, demonstrating that technical solutions exist, but widespt

deployment remains limited by cost and integration challenges.

Transcriptomics presents somewhat different challenges for real-time clinical us
RNA is less stable than DNA and requires more careful sample handling and
processing. RNA sequencing library preparation and sequencing are faster than
genome sequencing, but the analysis is more complex because it requires
quantification of expression levels rather than simply identifying variants. Singl
RNA sequencing, while providing richer information, generates even larger data
and requires more sophisticated analysis, making real-time application even mo;
challenging. Despite these challenges, expression profiling is increasingly used i
time-sensitive clinical contexts, particularly in oncology where expression signat

guide treatment selection.

Proteomics and metabolomics face additional hurdles for real-time clinical
deployment. Mass spectrometry, the dominant technology for both modalities,
requires specialized equipment and expertise, and sample preparation is time-
consuming and technically demanding. Turnaround times for comprehensive
proteomic or metabolomic profiling are typically measured in days to weeks, thc
targeted panels for specific proteins or metabolites can be faster. Emerging

technologies like antibody-based protein detection on chip-based platforms pro



faster turnaround but with reduced coverage compared to mass spectrometry. F
real-time clinical use, the choice of platform and assay scope must balance

comprehensiveness against speed and cost.

The architecture of real-time omics-informed clinical decision support systems
address several key requirements. First, data must be processed through validat:
analysis pipelines that produce high-quality variant calls, expression quantificat
other molecular measurements. Second, these measurements must be interprete
clinical context, integrating information about the patient's diagnosis, treatmen
history, comorbidities, and other relevant factors. Third, actionable findings mu
prioritized and presented to clinicians in a format that highlights the most impc
information and provides clear recommendations or options. Fourth, the system
handle uncertainty gracefully, distinguishing between high-confidence findings
should drive immediate action and lower-confidence findings that warrant furth

investigation or watchful waiting.

Machine learning can play a valuable role at multiple stages of this workflow.
Algorithms can accelerate data processing, improve the accuracy of variant calli
expression quantification, identify relevant patterns in multi-omics data, predic
response or toxicity, and generate natural language summaries of findings. Howe
deploying machine learning in this context requires careful attention to model
validation, calibration, and interpretability. A model that works well on retrospe
data may fail in unexpected ways when applied to real-time clinical data from di
patients and institutions. Drift in data quality, patient populations, or clinical
practices can degrade model performance over time, necessitating ongoing moni

and retraining.

The user interface and workflow integration aspects of real-time omics decision
support are critical but often underappreciated by technologists. Clinicians are
work under time pressure, and must synthesize information from many sources.
decision support system that requires significant time investment to use or that
presents information in formats that do not align with clinical thinking will not
adopted, no matter how sophisticated the underlying technology. Successful syst

must fit into existing workflows, integrate with electronic health record systems



present information concisely and actionably. This often means summarizing co:
omics data into a small number of key findings or recommendations, which requ

sophisticated logic to determine what is most relevant in each clinical context.

Several companies and academic centers have built and deployed real-time omic
decision support systems in specific clinical contexts. In oncology, several platfo
integrate genomic profiling with knowledge bases of drug-gene associations to

recommend targeted therapies. In infectious disease, metagenomic sequencing ¢
clinical samples can identify pathogens and predict antimicrobial resistance in I
potentially guiding therapy selection before traditional culture results are availa
In critical care, rapid genome sequencing of acutely ill neonates has diagnosed g
conditions and guided management, sometimes revealing treatable conditions tk
would have been missed by conventional testing. These examples demonstrate

feasibility and clinical value, but adoption remains limited by cost, availability o

necessary expertise, and lack of reimbursement.

The Data Infrastructure Challenge:
Privacy, Scale, and Feedback

The successful deployment of multi-omics clinical decision support at scale req:
solving several interconnected infrastructure challenges related to data privacy,
computational scale, and the establishment of feedback loops that link clinical

outcomes back to predictive models. These challenges are not merely technical t
involve regulatory, ethical, economic, and organizational dimensions that make t

particularly difficult for startups and even established companies to navigate.

Privacy and security concerns are particularly acute for genomic and other omic
because this information is uniquely identifying, reveals information about biolc
relatives, and may uncover sensitive findings about disease risk or other persona
characteristics. Regulations like the Health Insurance Portability and Accountal
Act in the United States, the General Data Protection Regulation in Europe, and
various state and national genetic privacy laws create complex compliance

requirements for any system that handles omics data. Deidentification is compli



by the fact that genome-scale data is inherently reidentifiable in many contexts.
with identifiers removed, the combination of genomic variants, demographic
information, and clinical phenotypes can often be linked back to individuals,

particularly if the adversary has access to other databases or information source:

These privacy challenges have led to the development of various technical appro
to privacy-preserving computation on omics data. Differential privacy, which ad
carefully calibrated noise to data or analysis results to prevent reidentification w
preserving statistical properties, has been applied to genomic data sharing with
success, though implementing differential privacy in a way that provides meanir
privacy guarantees without destroying analytical utility remains challenging.
Homomorphic encryption, which allows computation on encrypted data without
decryption, has been explored as a way to enable analysis of sensitive omics data
without exposing the raw data, but performance remains a limitation for large-s
applications. Federated learning, where models are trained on distributed data
without centralizing the data itself, offers promise for building models across
multiple institutions while respecting data governance constraints, though

coordination challenges and technical complexities remain significant.

The scale of omics data poses substantial infrastructure challenges. A single wh
genome sequence generates hundreds of gigabytes of raw data. When multiplied
across thousands or millions of patients, with some patients having multiple tim
points of data collection, and potentially including transcriptomics, proteomics,
metabolomics alongside genomics, the total data volume quickly reaches petabyi
scale. Storing, managing, and analyzing data at this scale requires significant

investment in infrastructure and expertise. Cloud computing provides elastic ca
but introduces costs that scale with data volume and computation, which can be
prohibitive for high-volume applications. On-premises infrastructure provides r

predictable costs but requires capital investment and ongoing maintenance.

Interoperability and data standardization are critical for building multi-omics
decision support systems that can learn from data across multiple institutions ai
contexts. Unfortunately, omics data exists in a bewildering variety of formats, wi

different sequencing platforms, analysis pipelines, and annotation approaches



producing data that is difficult to integrate and compare. Efforts at standardizat
including the development of common file formats, ontologies, and data models,
made progress but remain incomplete. The lack of standardization increases the
and complexity of building integrative systems and limits the ability to aggregat

across sources for model training and validation.

Perhaps the most important and difficult infrastructure challenge is establishin;
effective feedback loops that link clinical outcomes back to molecular data and
predictive models. Machine learning models improve with more data, but in clin
contexts, obtaining labeled data that connects molecular measurements to clinic
outcomes requires longitudinal follow-up of patients, careful documentation of
treatments and responses, and mechanisms to link these outcomes back to the o
molecular data in ways that respect privacy and consent. Many omics tests are
currently performed without systematic collection of outcome data, which limit:
ability to learn from experience and improve models over time. Even when outcc
data is collected, linking it back to models is complicated by the fact that clinice
decisions are often influenced by the omics data itself, creating feedback loops t

can bias subsequent analyses if not handled carefully.

Consider the case of a genomic test that predicts high risk of cancer recurrence
leads to more aggressive treatment. If that treatment is effective, the patient mas
a good outcome, but this good outcome does not invalidate the original risk
prediction. Properly learning from such cases requires careful consideration of
treatment effects and counterfactuals. Conversely, if aggressive treatment is
administered and the patient still has a poor outcome, this may validate the risk
prediction but also raises questions about whether the treatment was optimal. T
causal inference challenges are well-known in medicine but are particularly acui
the context of machine learning models that are continuously updated based on

accumulating experience.

Some organizations have made significant investments in building the infrastruc
for omics-informed clinical care with integrated outcome tracking. Large integr:
health systems with strong research programs have natural advantages in this dc

because they control both the clinical environment where omics tests are ordere



the outcome data that accrues over time. Several such systems have built bioban
linking genomic data to electronic health records, creating resources that can su
both model development and outcome validation. For commercial companies,

building this infrastructure is more challenging because it requires partnership:
healthcare providers, patient consent and engagement, and business models that

support the long-term costs of outcome tracking and data management.

The regulatory landscape for omics-based decision support adds another layer o
complexity to the infrastructure challenge. Software that provides clinical
recommendations based on omics data may be regulated as a medical device, req
premarket review and ongoing post-market surveillance. The FDA has publishec
guidance on several aspects of omics-based tests and software, but the regulator
pathway for complex, continuously learning systems remains somewhat uncertai
Companies must decide whether to pursue traditional regulatory clearance with
algorithms and periodic updates, or to embrace newer paradigms like predetern
change control plans that allow for more continuous model updates within a pre
specified framework. These regulatory decisions have profound implications for
infrastructure design, as systems must be built to support the documentation,

validation, and change control processes required for regulatory compliance.

From a business perspective, the data infrastructure challenge represents both a
barrier to entry and an opportunity for differentiation. Companies that can buils
robust, scalable, privacy-preserving infrastructure for omics data management a
analysis have a significant advantage, but the capital and expertise required are

substantial. Strategic decisions about cloud versus on-premises infrastructure, a
data centralization versus federation, about proprietary versus open standards, ¢
about organic growth versus acquisition of existing data assets will largely deter

which companies can compete effectively in this space.

Business Models and Market
Opportunities



The commercialization of multi-omics clinical decision support presents diverse
opportunities across the healthcare value chain, from test development and serv
provision to software platforms and data analytics. Understanding the economic
this space requires attention to who pays, what they pay for, and how value is

demonstrated and captured. The traditional business model for clinical laborato
testing, where a healthcare provider orders a test, a laboratory performs the test
generates a report, and a payer reimburses the laboratory based on fee schedules
served the genomics industry well but may not fully capture the value of integra
multi-omics decision support that combines testing, interpretation, and clinical

guidance.

The oncology market remains the largest and most mature opportunity for mult
omics testing and decision support. Tumor genomic profiling has become stand:
care for many cancer types, driven by the increasing availability of targeted ther:
that are approved for use in patients whose tumors harbor specific genetic alter:
Companies like Foundation Medicine, Tempus, and Guardant Health have built
substantial businesses around comprehensive genomic profiling of tumors, with
services ranging from tissue-based sequencing to liquid biopsy analysis of circul
tumor DNA. These companies have successfully navigated reimbursement,
demonstrating that payers will cover tests when the results can guide therapy
selection in ways that improve outcomes or avoid ineffective treatments. The adc
of transcriptomics, proteomics, and other modalities to these genomic platforms
represents a natural evolution, though demonstrating incremental clinical utility

obtaining reimbursement for multi-omics panels remains challenging.

Liquid biopsy represents a particularly interesting opportunity because of the

potential for serial testing to monitor treatment response and detect relapse ear]
than conventional imaging. The economics are compelling if repeated testing cas
detect recurrence months earlier, potentially allowing intervention before metas
spread when treatment is more effective. However, the clinical trials necessary tc
demonstrate this benefit are expensive and time-consuming, and the reimbursen
landscape for monitoring applications of liquid biopsy is still evolving. Compani

this space must balance investment in product development and validation agair



need for commercial revenue, often leading to phased approaches where initial
products target therapeutic selection and subsequent products add monitoring

capabilities.

Pharmacogenomics, the use of genomic information to guide drug selection and
dosing, represents another significant market opportunity. Many commonly
prescribed medications show substantial inter-individual variability in efficacy ¢
toxicity, some of which is explained by genetic variants affecting drug metabolis
transport, or target engagement. Professional societies and regulatory agencies |
published guidelines for pharmacogenomic testing for dozens of drug-gene pair
adoption has been limited by fragmented ordering patterns, lack of reimbursem
and limited integration into clinical workflows and decision support. Companie
can build integrated pharmacogenomic testing and decision support platforms t
provide actionable guidance at the point of prescribing, and that can navigate th
complex reimbursement landscape across different payers and practice settings,
the opportunity to capture significant value. The challenge is that pharmacogen:
testing is often most valuable when performed proactively before medications ar
needed, but the current healthcare system is not structured to pay for or act on

preventive genomic information.

Rare disease diagnosis represents a high-value but relatively small market for m
omics approaches. Patients with undiagnosed rare diseases often undergo years «
diagnostic odyssey with extensive testing, specialist consultations, and sometime
invasive procedures before reaching a diagnosis. Rapid whole genome or exome

sequencing can substantially shorten this process, and in some cases identify tre
conditions that would have been missed by conventional testing. The economic ¥
is clear when considering the costs of prolonged diagnostic uncertainty and the

potential benefits of earlier treatment, but the market size is limited by the relat
small number of such patients and the concentration of this testing in a few

specialized centers.

Prenatal and newborn screening applications of genomics have attracted signific
investment and controversy. Expanded carrier screening, non-invasive prenatal t

using cell-free DNA, and comprehensive genomic sequencing of newborns all



represent potential markets, but raise complex ethical questions about the

appropriate scope of testing, the communication of results, and the psychologic:
societal impacts of widespread genetic information. Regulations and profession:
guidelines in this area are evolving, and companies must navigate carefully to bu
sustainable businesses while respecting ethical boundaries and maintaining pub

trust.

Beyond testing services, there are opportunities in software platforms that aggre
and interpret omics data from multiple sources. Healthcare providers, particula
large cancer centers and academic medical centers, are increasingly bringing om
testing in-house to maintain control over quality, turnaround time, and data, bu
lack sophisticated interpretation and decision support capabilities. Software
companies that can provide best-in-class variant interpretation, multi-omics
integration, clinical decision support, and reporting tools to laboratories and
healthcare providers represent a different business model from test service prov
These companies typically sell software licenses or software-as-a-service subscri
rather than being reimbursed per test. The market is substantial because many
laboratories need these capabilities, but competitive dynamics are complex, witk

competition from open-source tools, academic software, and in-house developm

Data aggregation and analytics represent another class of opportunity. Compani
that can assemble large datasets linking omics data to clinical outcomes can dev
and license predictive models, conduct retrospective analyses for pharmaceutica
companies and researchers, and provide benchmarking and insights to healthcar
providers. The value of these datasets increases with scale, creating potential ne
effects, but assembling the data requires navigating complex partnership, privac
consent issues. Several companies have pursued this model with varying degrees
success, and the winners will likely be those that can provide clear value to data
contributors, maintain strong data privacy and security practices, and develop

proprietary analytical capabilities that are difficult for others to replicate.

Pharmaceutical partnerships represent a significant potential revenue stream fo
companies with multi-omics data and capabilities. Drug developers increasingly

to use genomic and other omics biomarkers to stratify patients in clinical trials,



identify responders and non-responders, and guide indication selection. Compai
that can provide cohort identification, companion diagnostic development, or re
world evidence from omics-annotated patient populations can command substar
fees from pharmaceutical partners. The challenge is that pharmaceutical compai
are sophisticated buyers with significant internal capabilities, so capturing value
requires differentiated data assets or analytical capabilities that complement rat

than duplicate what pharma companies can do themselves.

The business model question that spans all of these opportunities is whether the
captured matches the value created. Multi-omics decision support has the poten
substantially improve patient outcomes by enabling more precise diagnosis, bett
treatment selection, earlier detection of relapse, and avoidance of ineffective or 1
therapies. However, healthcare payment systems are not always structured to rev
these improvements, particularly when the benefits accrue to different stakeholc
than those who bear the costs. A test that costs several thousand dollars but pre
a hospitalization worth tens of thousands of dollars creates clear societal value, |
the test is paid by one entity and the savings accrue to another, the economic

incentives may not support adoption. Similarly, tests that provide prognostic

information or guide decisions about intensity of monitoring create value that

difficult to quantify in traditional cost-effectiveness frameworks.

The shift toward value-based care, where healthcare providers are paid based on
patient outcomes rather than volume of services, creates better alignment betwe
value created by omics decision support and the incentives of those who order a;
for these services. In accountable care organizations, integrated health systems,

risk-bearing provider groups, investments in better diagnostic and decision supj
tools can be justified based on downstream cost savings and quality improvemer
even if the upfront costs are substantial. Companies that can demonstrate value
these contexts and build business models that align with value-based payment a;
likely to be more successful than those that rely solely on fee-for-service

reimbursement.

Another key business model consideration is the global versus domestic market.

Much of the omics infrastructure, technology, and innovation has been concentr



in the United States, Western Europe, and a few other high-income regions, but
potential global market is much larger. Genomic and other omics technologies a
increasingly being adopted in middle-income countries, driven by declining cost
growing recognition of the importance of precision medicine, and investments i
healthcare infrastructure and research capacity. Companies that can adapt their
technologies and business models to different healthcare systems, regulatory

environments, and price points can access much larger markets, though navigati

complexity of international expansion in healthcare is challenging.

The competitive landscape in multi-omics decision support is complex and dyna
Large diagnostic companies like Roche, Illumina, and Thermo Fisher have signii
advantages in scale, distribution, regulatory expertise, and relationships with
healthcare providers and laboratories. Technology companies like Google, Micr¢
and Amazon have entered the healthcare space with substantial investments in £
cloud infrastructure, and data analytics capabilities. Pharmaceutical companies
building internal omics capabilities and forming partnerships to support drug
development and companion diagnostics. Academic medical centers have
sophisticated omics programs and serve as important sites of innovation and
validation. Startups bring agility, focus, and innovative approaches but must fin

to compete against larger, better-resourced competitors.

Successful startups in this space typically pursue one of several strategies: focus
a specific niche or application where they can build deep expertise and defensib.
intellectual property; building technology or platform advantages that are diffic
replicate; accumulating proprietary data assets through partnerships or direct p
engagement; or achieving dramatically lower costs or faster turnaround times th
existing approaches. The companies that have achieved significant scale and valu
in genomics and related fields have typically combined multiple sources of advai
built strong clinical and scientific teams with deep domain expertise, and naviga

the complex regulatory and reimbursement landscape successfully.

Venture capital and other investment in the multi-omics space has been substan
recent years, with billions of dollars flowing into genomics, liquid biopsy, Al-dri

drug discovery, and related areas. However, the path from innovative technology



sustainable business remains challenging, and many companies have struggled t
achieve profitability despite compelling technology and clinical value propositio
Investors evaluating opportunities in this space should look for companies with
paths to regulatory approval and reimbursement, realistic timelines for clinical

validation, management teams with relevant experience, and business models th:
scale efficiently. The most successful investments will likely be in companies ths
only have strong technology but also deep understanding of healthcare economi
clinical workflows, and the change management required to drive adoption of ne

approaches.

Conclusion: Building the Future of
Molecular Medicine

The integration of multi-omics data into clinical decision support represents on
the most significant opportunities in healthcare technology, with the potential t
transform how diseases are diagnosed, how treatments are selected, and how pat
are monitored. The technical capabilities required to realize this vision are rapic
maturing, with advances in sequencing technologies, Al and machine learning, c
computing, and data analytics making it increasingly feasible to generate, proces
interpret comprehensive molecular profiles in clinically relevant timeframes.
However, the path from technical capability to widespread clinical adoption rem
long and uncertain, requiring sustained investment, careful attention to clinical
validation and regulatory pathways, creative approaches to reimbursement and

business models, and persistent focus on integration into actual clinical workflo

For health tech entrepreneurs and investors, several themes emerge from this an
First, success in multi-omics clinical decision support requires not just strong
technology but also deep understanding of clinical medicine, healthcare econom
regulatory requirements, and the practical constraints of healthcare delivery.
Companies that bring together technical expertise with clinical and commercial
sophistication are more likely to succeed than those with technology alone. Seco
the most immediate opportunities lie in clinical contexts where omics data can ¢

high-stakes decisions about expensive or toxic therapies, where the value propos



is clearest and reimbursement is most likely. Oncology will remain the dominan
market for the foreseeable future, but opportunities are emerging in
pharmacogenomics, rare disease, infectious disease, and other areas as the evide

base grows and costs decline.

Third, data is a critical strategic asset, and companies that can build proprietary
datasets linking molecular measurements to clinical outcomes will have sustaine
advantages in model development and validation. However, assembling these dat
requires careful attention to privacy, consent, partnerships, and regulatory

compliance, and the costs and timelines involved should not be underestimated.
Fourth, the infrastructure challenges around data management, computational s
privacy-preserving computation, and feedback loops are substantial and represe
both barriers to entry and opportunities for differentiation. Companies that can
robust, scalable infrastructure will have advantages, but must balance build-ver:

buy decisions carefully given the capital and expertise required.

Fifth, regulatory and reimbursement pathways are complex and evolving, and

companies must engage early and often with regulators and payers to understanc
requirements and shape policy where possible. The regulatory landscape for Al
continuously learning systems is still being defined, and companies that can wor
constructively with regulators to establish appropriate frameworks will help cre
more favorable environments for innovation. Sixth, clinical validation is essentia
expensive and time-consuming. Companies must design validation strategies tha
generate the evidence required for regulatory approval and reimbursement whil,
managing development costs and timelines. Prospective clinical trials provide th
strongest evidence but are slow and expensive, while retrospective analyses are f

and cheaper but may not be sufficient for regulatory or reimbursement purposes

Finally, the successful companies in this space will be those that maintain focus
clinical utility and patient outcomes rather than being distracted by technical
sophistication for its own sake. The goal is not to generate more data or build m
complex models, but to improve patient care in ways that are measurable,
reproducible, and scalable. This requires maintaining close connections with cli

practice, listening to feedback from physicians and patients, and being willing t



iterate based on real-world experience. It also requires patience, as the time fror
initial technical demonstration to widespread clinical adoption can be measured

years or even decades.

The next decade will likely see substantial progress in multi-omics clinical decis
support, with continued advances in technology, growing evidence of clinical uti
expanding reimbursement, and increasing adoption in clinical practice. The
technologies that seem cutting-edge today will become routine, and new modalir
and approaches will emerge. Single-cell multi-omics, spatial transcriptomics anc
proteomics, longitudinal monitoring with wearable sensors and periodic liquid
biopsies, integration of molecular data with imaging and other clinical data stre:
and increasingly sophisticated AI models that can integrate across data types an
predict outcomes with greater accuracy will all become part of the standard tool

precision medicine.

However, realizing this vision will require more than just technological progress
will require building the clinical evidence base through well-designed studies,

establishing appropriate regulatory frameworks that protect patients while enak
innovation, developing reimbursement models that align payment with value, cr
infrastructure for data sharing and learning while protecting privacy, and traini;
clinical workforce to understand and use molecular information effectively. It w
require sustained investment from both public and private sources, collaboratio
across academia, industry, and healthcare delivery organizations, and patience tc
through the inevitable setbacks and challenges that arise when deploying compl

technologies in complex healthcare environments.

For those willing to commit to this long-term vision, the opportunities are subst
The companies and technologies that succeed in integrating multi-omics data in
clinical practice will not only generate significant financial returns but will also
contribute to fundamentally improving healthcare, enabling treatments that are
precise, more effective, and less toxic. The work of building this future is challe
but it is also profoundly important and represents one of the most exciting front
in medicine and technology today. The entrepreneurs and investors who navigat:

landscape successfully will be those who combine technical excellence with clini



insight, who balance ambition with pragmatism, and who maintain unwavering 1

on delivering real value to patients and the healthcare system.
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