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The field of genomic medicine produces large datasets, which need to be rapidly analysed to produce clinically actionable insights
in cancer care. Artificial intelligence thrives on data, processing and learning from datasets with a degree of accuracy and efficiency
that traditional computing algorithms can not achieve. Based on a patient’s genome sequence, Al could allow earlier detection of
cancer, inform personalised treatment plans and provide insights into prognostication. However, this valuable tool is met with
skepticism, with stakeholders concerned over data security, liability for Al's mistakes due to hallucination and the threat to clinical
jobs. This review highlights both the benefits and potential problems of using Al in genomic medicine for cancer care, with the aim
to lessen the knowledge gap between clinicians and data scientists and facilitate the future deployment of Al in cancer care.
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INTRODUCTION
‘Artificial intelligence (Al) has emerged as a powerful tool in the
field of cancer genomics, revolutionising our understanding of
cancer and its treatment.” At least, that is the first line of the
response given by ChatGPT, arguably the most discussed Al entity
at present, when asked about the use of Al in genomics. In recent
years, Al has improved beyond recognition. From essay writing to
genome analysis, it has become indispensable in an academic’s
toolbox. Genomics is one of many fields in recent years which has
heralded the arrival of the big data era [1], principally as a result of
the advent of next generation sequencing (NGS). With major
advancements in the speed of sequencing comes swathes of raw
genomic data, which requires difficult and time-consuming
analysis to convert into clinically actionable insights. The need
for an Al assistant has never been greater, and thankfully by their
very nature Al algorithms are driven to self-improve using the
large amount of data that necessitates their creation. The
integration of Al into industry is already upon us, with the Topol
Review laying out how Al can be responsibly rolled out within the
NHS [2].

This review will first define Al and its role in genomics before
balancing the promises and pitfalls associated with this emerging
technology.

WHAT IS AI?

Artificial intelligence (Al) is a term coined nearly 70 years ago
to define the science of creating intelligent machines [3]. Using
computer processes, it aims to emulate human thought
processes to accomplish tasks which typically require objective
reasoning and understanding in the same manner as a human
subject-matter expert (SME) [4]. Al can be described as weak or
strong.

‘Weak’ or ‘Narrow’ Al describes the application of learning
algorithms for specific tasks. Applications include natural language
processing tools/chat bots (such as ChatGPT), virtual assistants
(such as Siri or Alexa) and image recognition. All existing Al
systems are domain-specific and thus can be classified as weak Al
[5].

‘Strong’ or ‘General’ Al is currently theoretical, referring to Al
that could progress to a sophisticated level surpassing human
intellect with the abilities of agile reaction and forward planning in
the same manner as humans [5]. This gives rise to concerns
regarding the potential for Al dominance over human intelligence
[6].

Machine Learning (ML) is a subset of artificial intelligence,
referring to computer systems that learn automatically from
experience without being explicitly programmed [7]. Machine
learning systems identify patterns in datasets and create an
algorithm encompassing their findings. They can then apply this
to new data, extrapolating knowledge to unfamiliar situations [8].

Deep Learning (DL) is a further evolution of machine learning
which uses artificial neural networks to recognise patterns in
data and provide a suitable output [9]. Deep learning layers
algorithms into an artificial neural network, taking inspiration
from the structure of the human brain; the output of a previous
layer will act as the input for the next layer much like the
transmission of information through neurons [10]. The relation-
ship between deep learning, machine learning and Al is
demonstrated in Fig. 1.

Big data refers to datasets too complex to be processed using
traditional data processing methods. Data can be “big” in terms of
the volume of data (the scalability), the velocity at which the data
is created and the variety of data sets (the dimensionality) [11]. Al
differs from traditional computing algorithms in that it can learn
from data and tackle new information, excelling at pattern
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Fig. 1 Venn diagram demonstrating the relationships between Al, ML and DL.

recognition. Where traditional algorithms struggle to keep up
when faced with big data, Al algorithms adapt and improve
without the need for human interference [12].

WHY APPLY Al IN GENOMICS?

Large datasets are a hallmark of genomics. The human genome
project produced a reference genome in a period of 13 years at a
cost of $3 billion. This genome alone comprised over 20,000
genes, over 3 billion base pairs [13]. With the advent of Next
Generation Sequencing, genomes of individuals can be produced
at a fraction of the time for a fraction of the cost. As of 2022 the
National Human Genome Research Institute cited the cost of
sequencing a genome at $525 [14]. The Guinness World record for
the fastest genome sequencing was just over 5 h [15]. Now, the
prospect of sequencing every patient’s genome is a realistic one,
with the NHS Genomic Medicine service aiming to make the NHS
the first national health care system to offer whole genome
sequencing as part of routine care [16].

But with big patient populations seeking cheap and fast genome
sequencing comes big data, both in terms of scalability and
dimensionality. As an example, the Cancer Genome Atlas (TCGA)
contains more than 10,000 cancer genomes spanning 33 cancer
types. This along with corresponding epigenomic, transcriptomic,
and proteomic data yields a total of 2.5 petabytes of raw data [17].
Genomic medicine’s challenge now is not the generation of
datasets, but the analysis and interpretation of massive amounts of
data contained therein. The manual interpretation of genomics
data presents a daunting challenge, especially given the number of
experts capable of analysing them has not increased commensu-
rately. Furthermore, different individuals may obtain different
results while analysing the same dataset (a problem with
reproducibility). This is where Al can become invaluable.

Clinical interpretation of genomes relies on accurately identify-
ing significant genetic variants amongst the millions populating

each genome, known as variant calling. To achieve this, raw
sequence data is aligned to the reference genome. The quality of
the data is improved by removal of duplicates, insertions and
deletions, then realignment, base recalibration and finally removal
of false positives [18]. DeepVariant, a DL model, outperforms
standard tools on some variant calling tasks demonstrating Al's
ability to deal with large data sets [19].

WHAT ARE THE PROMISES OF Al IN GENOMIC MEDICINE?
Early detection of cancer

Improved variant calling facilitated by Al can yield more accurate
and efficient identification of cancer-causing variants. This can
lead to earlier detection of drivers, more accurate diagnosis of
cancer, and facilitate targeted, precision medicine, leading to
improved outcomes for the patient [20].

Another way in which Al is facilitating early detection of cancer
is by opening up alternative means of investigation. Tumour cells
routinely release material into bodily fluids - including blood,
pleural, peritoneal or cerebrospinal fluid, nipple aspirate or urine.
In many cases, access to these samples as part of a so-called
“liquid biopsy” may be less invasive, more easily obtained, and
may provide a more holistic overview of the spatially hetero-
geneous genomic landscape of a tumour compared to a tissue
sample. Longitudinal sampling also permits tracking of temporal
evolution of genomic changes in a cancer. Material may include
circulating tumour cells, extracellular vesicles, or nucleic acids,
including tumour-derived cell free DNA (cfDNA). Interest in the
clinical utility of the liquid biopsy is accelerating, with applications
in profiling of advanced disease [21, 22], early detection of disease
relapse [23-25] and early diagnosis in symptomatic individuals
[26]. As part of a large-scale national trial, use of a liquid biopsy for
detection of methylation patterns indicative of cancer in cfDNA in
an asymptomatic population cohort (multi-cancer early detection
(MCED) test) is being investigated [27-29].
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The use of this technology in this context has been criticised,
particularly given the lack of clarity regarding how asymptomatic
patients with methylation patterns or other biomarkers indicative
of potential underlying cancer should be investigated - and by
which type of clinical specialist [30]. There is an opportunity here
for artificial intelligence to be applied to help determine most
likely underlying primary cancer to help streamline referrals and
rationalise investigation of patients [31]. Indeed, the vast amount
of data produced by MCED tests necessitate application of
machine learning and other Al technologies to enable timely
analysis [28] and, therefore, intervention [32] - so called MCED-AI
[33]. There is, however, a need for further evaluation to determine
whether this translates to a significant survival benefit compared
to other types of population screening [30].

Application and interpretation of results derived from analysis
of liquid biopsies is complex; complicated by co-existing
constitutional genetic variation, naturally occurring age-related
clonal haematopoiesis or clonal haematopoiesis of indeterminate
potential [34], potential identification of driver variants from
second undiagnosed primary cancers, or detection of variants of
uncertain significance or actionability [35]. As well as this, ctDNA is
less likely to be detectable for early-stage disease or in individuals
with brain-only disease. Various Al technologies have been
applied to try to minimise “noise” from sequencing data, to
facilitate signal enhancement to enable detection of variants at
very low frequencies, enable pattern/signature recognition, and,
crucially, allow integration of other clinicopathological data for
comprehensive analysis [36-38].

One of many examples includes a recent study used a novel
computational model which integrated genomic and epigenomic
data from the cell-free DNA to detect cancer. It did this with a high
sensitivity at 95% specificity, with 91% and 98% sensitivity across
two training cohorts (versus below 50% sensitivity for the pre-
existing model DELFI). By improving the diagnostic power of liquid
biopsy, this non-invasive technique could be applied to screen for
cancer yielding early intervention opportunities [39].

AlphaMissense, a recently developed Al model constructed on
the protein structure prediction model AlphaFold [40], can predict
the pathogenicity of all possible missense variants in the human
genome at a single amino acid substitution level [41]. Classifying
missense variants has been an ongoing challenge in human
genetics, but with this new deep learning tool clinically relevant
pathogenic variants can be identified and thereafter screened for,
leading to earlier detection of diseases.

Variant prediction from phenotypic data for focused genetic
testing

Computer vision, a field of Al which trains computers to interpret
information from image data, can inform targeted genomic
testing. It has been successfully applied to distinguish cancer
cells from non-cancer cells on histopathological specimens across
many different cancer types [42], but recent Al models have gone
one step further. These models, trained on histopathological
images, have not only been able to identify cancer cells but can
also predict which mutations are present in the tumour based on
phenotypic features. For example Inception V3 was trained on
whole slides obtained from TCGA and was able to predict
mutations in lung adenocarcinoma and liver cancers based on
histopathology of the tumours [43, 44]. Another recent Al
innovation using computer vision comes in the form of the
CHARM DL model, trained on 2334 brain tumour samples. It is able
to assist in making real time decisions intra-operatively during
neurosurgical resection of brain tumours. Based on histopatholo-
gical images, it can predict the borders of the tumour using
cellular density to inform surgical decisions of resection margins. It
is also able to predict the molecular profile of the tumours,
allowing personalised treatment of the brain cancer with suitable
medication directly onto the tissue [45].
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Similarly, computer vision can be applied to radiological images
of tumours to infer genetic changes within the tumour. For
instance, CT and PET scan images have been analysed by Al to
predict EGFR mutation status in non-small-cell lung cancer
(NSCLC) [46].

Precision medicine

Precision medicine involves tailoring treatment to individual
patients based on molecular profiling using genomic informa-
tion [47]. It aims to classify individuals based on their prognosis
or their response to specific treatments, and therefore recom-
mend interventions for those who would benefit, and spare
expense and side effects for those who would not. Al, when
coupled with genomic data, enables the development of highly
personalised treatment plans by recommending targeted
therapies that are more likely to be effective, thereby minimis-
ing trial-and-error treatment approaches. This is represented
schematically in Fig. 2.

When recommending immunotherapies, for example, biopsy is
the traditional method of collecting information on biomarkers of
the immunogenicity tumour microenvironment. This information
is used to predict response to immunotherapy. Deep learning
methods have been employed to predict biomarkers using
radiomic and pathomic data to avoid these invasive procedures,
for instance DL trained on histology specimens and clinical data
has been used to predict immunotherapy response in advanced
melanoma [48].

Al models have also been employed to recommend persona-
lised treatment plans based on the genomes of brain cancer
patients. IBM Watson was able to analyse genomes and propose a
treatment plan in 10 min where it would take 160 h of work by
expert humans. However, dangerous inaccuracies in treatment
plans were noted when it was initially trialled in US hospitals [49].
Retrospective analyses of these errors can be impossible due to
the lack of interpretability of Al models, or the ‘black box’
phenomenon discussed below.

Drug discovery

Al-driven drug discovery platforms can identify novel therapeutic
targets by analysing vast datasets of genomic information,
expediting this previously time-consuming process (this is
represented schematically in Fig. 2). Recently, using Al programme
AlphaFold, a potential drug to target liver cancer was developed in
30 days, a process that would previously have taken years.
AlphaFold was used to predict the structure of a novel protein
CDK20 from proteomic data, and to design a molecule which
targeted the protein’s weak spots [50]. Al can also be used to
predict the feasibility of drug repurposing. The deep learning
model CDRscan predicted anti-cancer drug responsiveness based
on a large-scale drug screening assay. It identified 14 oncology
and 23 non-oncology drugs as having new potential anti-cancer
indications [51].

Improved treatment monitoring and prognostication

Al can monitor a patient’s genomic data over time to assess
treatment effectiveness and identify the development of resis-
tance or relapse. This can guide adjustments in treatment plans.
For example, the DL software IDEA was used to successfully
identify and characterise single nucleotide variations in circulating
tumour DNA, which can be used to monitor response and relapse
in the blood of patients with metastatic colorectal cancer
receiving targeted agents [52].

Drug responses are closely associated with genomic alterations
in cancer cells. Al models have been developed for the prediction
of drug responses using genomic data. RefDNN improved
prediction of resistance and identification of biomarkers related
to drug response, outperforming existing methods, and showed a
more robust prediction for untrained drugs [53].
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Fig. 2 Schematic showing applications of Al in cancer genomics.

Al software has also been used to improve the accuracy of
prognostication, which empowers patients to make informed
choices regarding their ongoing treatment. DL software integrat-
ing histological and genomic data to predict time to event
outcomes showed prediction accuracy surpassing the current
clinical paradigm for predicting overall survival of patients
diagnoses with glioma [54].

Improved sample analysis

A final interesting development to touch on is the recent
application of FFPEsig Al tool to accurately analyse patterns of
DNA mutations from tissues stored at room temperature in
paraffin wax. These archival tumour samples, of which there are
tens of thousands stored in the pathology archives of a typical
large hospital, were previously lost to analysis due to DNA
damage associated with FFPE-preservation. FFPEsig enables
detection of 9/10 mutational processes by tracking back
changes to the DNA that occur in formalin fixation. The analysis
of these samples is particularly useful in cancer tissue collected
over time which will allow scientists to analyse the first steps in
cancer evolution in individual tumours. Mutational analysis is no
longer exclusively possible on fresh or frozen tissue samples
[55].

WHAT ARE THE PITFALLS OF Al IN GENOMIC MEDICINE?
As established, Al algorithms require vast quantities of data in
order to train the algorithms. In genomics, this data is highly
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sensitive and personal. Healthcare data is often the target of costly
ransomware attacks which generates unease in the patient
population that their personal health data is going to be misused
[56]. An oft-posed ethical dilemma comes in the form of
availability of genomic data to insurance companies, and the
question of whether policies would be adjusted based on genetic
risk of disease (although it is worth noting that the use of genetic
data by insurance companies is currently prohibited in the UK)
[57, 58]. A potential solution to these data storage problems
comes in the form of privacy preserving distributed DL, which
enables multiple parties to jointly learn via DL models without
sharing local datasets. Another solution is multi-centre data
sharing agreements such as the Cancer Imaging archive [59].
Clinical governance poses an ethical issue to the users of Al- if
the machine were to make prediction errors, who would be
responsible? In healthcare, where decisions made can have a large
impact on patient outcomes and carry a large risk of litigation, this
decision is particularly important and the phenomenon of Al
hallucination, when Al infers patterns which are non-existent in
the training data to generate inaccurate outputs [60], can make Al
an unreliable co-worker. The responsible party for incorrect
decisions made by DL tools, whether that be the referring
clinician, software engineer or someone else, must be determined
before their deployment. A paper by Crigger et al aims to provide
a roadmap for the responsible deployment of Al in healthcare by
exploring the principles necessary for establishing trust in Al
systems, key amongst those addressed being establishment of
clear accountability [61]. They suggest a shared accountability

BJC Reports



0. O’Connor and T.P. McVeigh

Table 1.

Potentials

Early Cancer Detection: Al enhances variant calling and supports early
cancer diagnosis through improved analysis of liquid biopsy results.

Precision Medicine: Al enables highly personalised treatment plans,
reducing trial-and-error and improving therapeutic outcomes e.g. by
predicting individual immunotherapy responses.

Drug Discovery: Al accelerates drug development and repurposing,
exemplified by AlphaFold’s role in discovering liver cancer therapies.

Improved Treatment Monitoring: Al tracks genomic changes over time,
offering real-time insights into treatment effectiveness and potential
relapses.

Improved Sample Analysis: Al can analyse archived tissue samples,
enabling the study of cancer evolution in stored biopsies.

Image Analysis in Genomic Medicine: Al models can analyse radiological
and histopathological images to predict genomic alterations and
support personalised treatment plans.

model, with the ultimate responsibility for decisions which have
involved Al resting with the human healthcare provider. They
argue physicians should base decisions on professional judge-
ment rather than blindly relying on Al recommendations.
Developers share accountability by ensuring machines are reliable
and free from biases and healthcare institutions bear the
responsibility of integrating Al systems safely into clinical work-
flows. Other solutions posed to this problem, aimed at allowing Al
to work more autonomously, include giving Al legal personhood,
similar to how corporations are occasionally afforded human
rights, or holding people who manage Al responsible through
vicarious liability in the same way in which an employer is
responsible for their employee’s actions [62].

A further issue with Al algorithms which becomes particularly
troublesome in healthcare settings is interpretability. Al tools are
often a ‘black box’ in that they produce an output without any
explanation or justification. It is not appropriate to blindly follow
the Al tool when making high risk decisions associated with
healthcare. Interpretable DL is a trend aiming to alleviate this
limitation, for example using the heat-map like class activation
algorithm. This allows visualisation of the image regions which are
used by DL models when making a decision [63].

Whilst automation is generally thought to be a method in which
to eliminate biases, under-representation in training data sets can
lead to machine bias. For instance, when using Al to detect Down
syndrome from facial features, detection was much more accurate
in European populations as opposed to African populations, due
to the underrepresentation of African patients in the training data
[64]. Al tools can be retrained on more representative datasets to
help remedy this problem (Table 1).

A final limitation to be discussed is a perceived threat to jobs
with the advent of Al. The technology has evolved so quickly that
it is conceivable it will soon surpass human capabilities and make
workers redundant. Five hundred and forty million years ago, a
rapid burst of evolution, described as a “Cambrian Explosion” led
to rapid and dramatic appearance of diverse metazoans with
biomineralized skeletons, promoted by external changes in the
environment [65]. Many authors have described the precipitous
development of and growth in use of Al, robotics and other digital
technologies in healthcare, and indeed in daily life, using the same
term [66, 67]. Others feel that this rapid expansion of the
technology is more akin to the Industrial Revolution [68]. Where
the Industrial Revolution mechanised labor to increase productiv-
ity, Al automates cognitive and repetitive tasks, enhancing
efficiency across sectors. However, both have raised concerns
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Summary of potentials and pitfalls as laid out in this review article.

Pitfalls

Data Privacy Concerns: Genomic data is highly sensitive, raising issues
of security, potential misuse, and ethical dilemmas particularly in
insurance.

Clinical Governance: Uncertainty over responsibility in case of Al
prediction errors, with potential for litigation and accountability
issues.

Interpretability: Al often operates as a “black box,” lacking
transparency in decision-making, which is problematic for high-risk
healthcare decisions.

Bias in Al Models: Under-representation in training data can lead to
biased Al models, affecting accuracy for certain populations, e.g.,
racial biases in medical diagnostics.

Job Displacement: Al's rapid development could potentially replace
human workers in some roles, leading to job insecurity despite new
opportunities.

Lack of Retraining in Healthcare: Clinicians may struggle with the
rapid integration of Al, especially if they lack the skills to operate new
Al technologies effectively.

about widening gaps between those who adopt the technology
and those left behind.

The Topol review outlined how digital technology should best
be employed in the NHS, arguing that Al should be used to
automate mundane tasks so the workforce can focus on the
‘human’ elements of patient care. It also suggested that more
employment opportunities would be created within the NHS to
help develop Al technologies than would be made redundant by
Al technologies [2]. However, in order to make these opportu-
nities accessible to clinicians, the knowledge gap between
clinical and data science experts must be breached. The Topol
review proposed that in order to reap the benefits of Al, the NHS
must build a digitally ready workforce with the confidence to
adapt new technologies in clinical practice. Efforts by the British
Society for Genetic Medicine to enhance awareness and improve
skills of the workforce in this area include incorporation of
dedicated plenary sessions in annual conference proceedings
[69], and establishment of a BSGM Emerging Technologies
Committee.

CONCLUSION

As we have seen, Al offers a promising tool for tractably analysing
large datasets in genomics, allowing clinicians and researchers to
identify new mutations, drugs, and treatment programmes in
patients. However, as this technology grows in sophistication, new
guidelines are required to protect patients and maintain the
humanity of health care. Nevertheless, Al promises to be
transformative for the future of medicine by realising the dream
of personalised treatment for patients. Training of the specialist
genomics workforce is required ensure that the advantages and
utilities of digital health technologies can be maximised to
improve patient care.

DATA AVAILABILITY

No datasets were generated or analysed during the current study.
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