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Introduction:

The seemingly separate worlds of digital pathology and multi-omics have both demonstrated
promising results regarding their use, predominantly in research for cancer prognosis, as well
as proposing improved methods for diagnosis compared to the current standard (Hu et al.,
2023). However, the two worlds can collide via integration, unlocking the potentials for
ground-breaking developments in a multitude of fields, including precision medicine
(Ahmed, 2022)(Barsoum et al., 2019). The integration of the two suggests a revolutionary
change in the way researchers from multiple disciplines can see, analyse and interpret patient
data. These techniques are also able to accurately predict factors like survival; this invaluable
information could aid in improving the quality of life of patients, and assist in the
development of novel and effective therapies (J. Cheng et al., 2017). It is suggested that
widespread implementation of these integrated techniques can also improve the work-flow
for pathologists and other professionals alike, additionally widening the scope for

collaboration between clinical and research fields (Jahn et al., 2020a).

Whilst both methods have garnered much support from organisations to individuals,

these techniques are not without their pitfalls and serious ethical concerns, from IT



infrastructure concerns to implementation of artificial intelligence (McKay et al., 2022). This

essay aims to examine the benefits of integration, scrutinise and rank the concerns and

challenges by severity, and to outline proposed solutions and considerations that should be

taken to these challenges in published literature.

Defining Digital Pathology and Multi-Omics:

Digital pathology and multi-omics each have their own advantages and challenges. To

understand the implications of their integration requires appreciation of their respective

functions and challenges.

The Royal College of Pathologists defines digital pathology as, ‘the acquisition,

management, sharing and interpretation of pathology information — including slides and data

—in a digital environment’ (The Royal College of Pathologists, 2023). It is based on the use

of Whole Slide Imaging (WIS) which digitises the entirety of a slide, allowing it to be

uploaded, stored, and shared amongst pathologists and researchers. It employs the use of

specialised scanners and software to digitise the slide in high resolution (Farahani et al.,

2015), and eliminates issues of physical slide storage, access to slides and slide preservation

(Kumar et al., 2020). It is greatly used in education as it serves as a convenient and effective

way to teach (Hassell et al., 2023). Figure 1. Shows an example of a digitised slide that may

be used for a variety of purposes. However, it is not widely used as part of clinical practices

yet, as no large scale clinical trials have been performed (Cross et al., 2018), and adequate IT

infrastructure has yet to be established in the majority of hospitals due to significant costs



(Jahn et al., 2020a). These are only a few examples of the advantages and disadvantages of

digital pathology; further examples will be elaborated on in relation to multi-omic strategies.
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Multi-omics refers to the integration of multiple datasets from the ‘-ome’ disciplines,

namely genomics, epigenomics, transcriptomics, proteomics and more (Hasin et al., 2017a).

These datasets can be analysed together and are used to characterise biological molecules

involved in cellular processes with an extra level of depth. Multi-omics can be used to

provide further insight into complex cellular mechanisms, and different approaches to disease

research can be taken depending on the omic layer that’s chosen as a starting point. Figure 2.

is a visualisation of the possible interactions between biological molecules and across omic

layers.
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Figure 2: A visualisation of different omic layers and their interactions. Pools of omic data
are represented by the circles, coloured arrows represent potential research starting points
and black arrows represent potential interactions (Hasin et al., 2017).

Instead of focusing on a single ‘-ome’, multiple ‘omes’ can be investigated in

tandem, and more can be revealed about their interactions. They are often modelled as

networks and can be visualised, where information flow can provide further insight into

correspondences between omic groups (Hasin et al., 2017). These omic datasets are a wealth

of information, made up of hundreds to thousands of samples, and are found in multiple

databases that are easily available for use, such as FlyBase and GenBank (Pinu et al., 2019).

Data for each ‘ome’ is obtained through a wide variety of technologies, such as microarrays,

which can analyse thousands of genes every experiment (Karahalil, 2016). The potential for

multi-omic technologies is great, ranging from biomarker discoveries for cancers to



improving classification of diseases (Eddy et al., 2020), (Xiao et al., 2022). Multi-omics can

provide a holistic approach to understanding the mechanisms of disease. Despite these

promising developments in this emerging field, like digital pathology, it too has it’s

disadvantages and causes for ethical concern (J. Cheng et al., 2017).

The Good — The Best of Both Worlds

By combining the forces of these technologies, the results can be ground-breaking. When

used with machine learning, predictions can be made regarding prognosis of various cancers,

such as breast and ovarian cancers, both cancers having the highest incidence and mortality

rates amongst women (Hu et al., 2023; Xiao et al., 2022). Together, they can also predict

biomarkers for cancer from routine pathology images, which can greatly increase the number

of early diagnoses in a greatly efficient manner, improving survival chances for patients. This

also has potentials for aiding in the development of better cancer treatments (Arslan et al.,

2022). The integration of digital pathology and multi-omics has also led to the identification

of lung cancer hallmarks in histopathology images, providing a deeper understanding into the

mechanisms of the cancer (Guramare et al., 2022). Figure 3. shows visualised data and

histopathological samples that were use to predict the progression-free outcomes of patients

with colorectal cancer.
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Figure 3: The machine learning Multi-omics Multi-cohort Assessment (MOMA) platform used histopathological and multi-
omic data to successfully predict the progression-free survival outcomes of stage I and II colorectal cancer patients (Tsai et
al., 2023).

Even further, this integration has also lead to the development of machine learning models

that can accurately predict survival outcomes, transcription subtypes and genetic deviations

that play a role in the development of lung adenocarcinoma (Chen et al., 2021).

Data derived from multi-omics can be used to profile a tumour’s microenvironment
which helps provide a deeper level of understanding of the interactions that occur (Van
Ockelen & Lagana, 2022). When considered in tandem with the physical manifestations of
the tumour as seen in histopathological images, the magnified level of understanding and
breadth of data available makes the integration of digital pathology and multi-omics an
incredibly promising field, with seemingly limitless possibilities. The examples previously
listed are only a few of the developments that have been made in this field. Whilst the
benefits and potentials are evident, the challenges need to be addressed as there are multiple

causes of concern with these technologies before further developments can be made.



The Bad — Issues with Integration and Infrastructure

One of the prevalent issues for both digital pathology and multi-omic technologies is the lack

of infrastructure required to sustain these techniques on a wider scale. Digital pathology

requires specialised hardware and software that come at a hefty price, as well as specialised

training required in order to use scanners and software (Griffin & Treanor, 2017). The same is

for multi-omics regarding use of analysis software. As well as this, data storage is another

issue, as both require very large amounts of storage to save their vast amounts of data

(Subramanian et al., 2020). Both methods have their own respective challenges, such as

multi-omics requiring a workforce of multiple disciplines to conduct analysis, and digital

pathology requiring adequate quality control and the need for standardisation (Jahn et al.,

2020).

When considering integration, this gives rise to new challenges; one of the most

prominent being the integration of omic and non-omic data. The nature of datasets is that it is

often heterogeneous, which makes pinpointing the exact mechanism or cause of a disease

incredibly difficult. The nature of the disease itself may also be heterogenous making the task

of identifying specific molecular mechanisms responsible for the disease even more complex

(de Maturana et al., 2019). Heterogeneity also contributes to the problem of bias in both

digital pathology and multi-omics, resulting in correlations being found that are not a direct

result of a causative agent (Tarazona et al., n.d.). Bias is also amplified through extrinsic

factors, such as the pressure of discovering novel biomarkers. It has been suggested that bias



is a significant cause of preventing reproducibility of results using multi-omics. A myriad of

other issues are also a cause for concern, from missing data from omic datasets, statistical

methods resulting in false positives, methodology faults and limited omic literacy amongst

the scientific community (Lay et al., 2006).

These issues are only amplified when integration is introduced to the equation.

Solutions to these problems have been proposed, such as developing more robust criteria

before experimentation to avoid bias (Lay et al., 2006), but without adequate standardisation

of the fundamental data itself, and more established methods on handling said data, these

issues will remain prevalent.

The Ugly — Ethics and the Potential Misuse of Life-Intrusive Information

Technical issues considered, the more pressing causes for concern with the integration of

digital pathology and multi-omics are privacy risk, informed choice, equity, and the

implementation of Al in these practices.

Regulations on data protection regarding multi-omics (Williams & Anderson, 2018a),

digital pathology and the use of Al are not yet well established (J. Y. Cheng et al., 2021), and

this leaves the potential of third-party involvement that do not have the participants’ best

interests considered. The positive developments of this integration also have their negatives,

where instead of using genomic and epigenomic for good, it can be used for malicious

motivations. Much emphasis is placed on regulating data privacy surrounding genomics,



however the same cannot be said for the other omes. Epigenomic data has the potential to be

used as a way to deduct a participant’s lifestyle choices, use analysis techniques that could

reveal information such as drug use, their medical conditions and more (Dupras & Bunnik,

2021). This data can also be used, particularly by health insurance companies, to discriminate

against those with medical conditions based on their genomic data. Genomic can also

worryingly be used to discriminate against those from other ethnic groups and sexes.

Information found in genomic and epigenomic data increases the risk of reidentification, and

this is amplified when integrated with different omic datasets ad non-omic data (Safarlou et

al., 2021).

Literacy amongst research participants regarding multi-omic technologies and digital

pathology is likely to be limited, and this can result in participants unknowingly giving

consent to partake in research, as well as having their data used, without fully understanding

the implications of doing so (Williams & Anderson, 2018). There are also concerns

surrounding the health equity implications of these technologies, with non-representative data

that currently exists possibly having influence on machine learning training algorithms for

these methods, introducing bias and inaccurate data, which can cause significant harm to at-

risk populations (Williams & Anderson, 2018). But perhaps the most popular cause for

concern is the use Al in both digital pathology and multi-omics, which in itself brings up a

multitude of ethical questions (McKay et al., 2022), from black box models (Wen et al.,

2023), data transparency and accountability (Srivastava, 2023).



Conclusion

The potentials of integration should be recognised as it could be revolutionary in multiple
research fields, particularly in cancer prognosis. It can provide us a newfound depth of
understanding of the biomolecular processes responsible for disease. Despite this, further
advancements cannot be made without addressing the serious challenges that are posed.
Through collaboration, education and establishing appropriate regulation on a wide scale, the
use of digital pathology and multi-omics can be safely used for the betterment of potentially

millions of patients worldwide.
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