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I. SCOPE & ANALYSIS OF THE PROBLEM

Alzheimer’s Disease (AD) is a neurodegenerative dis-
order most prevalent in older adults, affecting approxi-
mately one in ten individuals aged sixty-five and over.
Whilst only 5% of patients are diagnosed before the
age of sixty-five, early-onset AD (EOAD) is much more
burdensome and exhibits faster rates of cognitive decline
than late-onset AD (LOAD) [1]. Early-onset familial AD
(EOFAD), a subvariant of EOAD, is shown to have
a strong genetic basis (grounded in known mutations,
PSENI1, PSEN2 and APP) and is often characterised
as monogenic in its aetiology [2]. However, sporadic
variants and LOAD (as shown in Figure 1) are much
more challenging to anticipate regarding individual risk
due to their polygenic nature and numerous influencing
risk factors [2]. Despite this, one significant risk factor
universally associated with increased risk of LOAD is
the presence of APOE4, an allele of the APOE gene,
which can easily be tested for using low-cost micro-array
genetic tests (represented in I and II).
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Figure 1. An overview of AD and its variants

Patients presenting with AD-variant symptomology
often remain misdiagnosed (in the case of EOAD) or
undiagnosed in a timely manner [3], resulting in an

Table 1
DESCRIPTION AND COMPARISON OF GENETIC TESTING

Genes Tested

Testing Type Description

NGSwes APP, PSENI1, PSEN2 Targets a known mutation.

SNPray APOE e2, e3, e4 Identifies APOE e2, e3, e4 al-
leles for AD risk.

PRSarray AP-associated variants  Estimates genetic predisposi-
tion using many SNPs.

WES Entire coding region Sequences all protein-coding
regions.

WGS Entire genome Comprehensive sequencing of

all base pairs € genome.

estimated additional cost to the NHS of £5,550 (adjusted
for inflation) per patient [4]. It should be noted that this
figure does not account for additional time spent in A&E
(1.5 times the rate of AD-diagnosed patients), additional
societal costs (£12,830 per patient) or the effects on
the patient’s quality of life [4]. Given that the number
of AD patients in the United Kingdom is expected to
grow by approximately 42% over the next 15 years,
finding an effective, high-throughput, low-cost means
of measuring patient predisposition to AD could save
the NHS up to £2.3 billion. Measuring these potential
savings as a function of average annual salary equates
to an additional 60,000 NHS employees nationwide,
representing a 4% increase in the available workforce.
The potential socioeconomic benefits realised from clin-
ically adopting effective methods of AD predisposition
motivate our investigation into genomic tooling, data
collection methods and predictive analysis techniques.

A. Background: Sequencing Technologies & Genome-
Wide Association Studies

The traditional approach to identifying SNPs strongly
associated with AD has been to analyse data collected
through genome-wide association studies (GWAS) [5].
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Table II
COMPARISON OF MULTI-ARRAY FOR GWAS AND WGS

Table III
DATASETS USED IN GENOMIC STUDIES [5]

Feature GWAS WGS Year Dataset Study Sample Size
Coverage Specific SNPs Whole Genome 2013 IGAP Lambert et al. 74,046
] ; 2017 IGAP Sims et al. 85,133
Variant Types Common SNPs  SNPs, SVs, indels 2017 UK Biobank Lui et al. 116,196
Relative Cost Low High 2018 UK Biobank Marioni et al. 314,278
PGC-ALZ,
2019 IGAP, ADSP Jansen et al. 455,266
2020 UK Biobank Schwartzentruber et al. 408,942
. Multiple Cohorts, .
These studies collect DNA samples from cohorts of 2021 Gwax Wightman et al. 1,126,563

participants who have been either diagnosed or are pre-
senting with AD. Collected samples are then genotyped
(using microarrays) in mass so that common variants
belonging to the sampled patients are extracted during
the process. It is then possible to compare the fre-
quency of common variants (SNPs) belonging to AD-
diagnosed patients with those sampled from a healthy
control group, thereby indicating which variants are most
strongly associated with the disease. This approach has
successfully identified many known variants we associate
with AD. However, GWAS using microarrays comes
with several limitations.

1) Limitations of Traditional GWAS: Firstly, these
studies do not adequately capture rare mutations (un-
likely to be included in the microarray design) or struc-
tural variants. Secondly, although the sample size of
these studies has increased over time (see III), they
still lack representative diversity across populations of
mixed ethnicity and are typically biased towards Eu-
ropean ancestry. In addition, traditional GWAS essen-
tially ’does what it says on the tin’, which means it
identifies associations, not causations [5]. As such, it
can be challenging to decipher the underlying biological
mechanisms tied to these associations. It should be noted
that this ’explainability gap’ occurs prior to any further
downstream analysis (which often presents additional
challenges concerning explainability). When combined
with inadequate downstream analysis (discussed in I-D),
these issues culminate in the 'missing heritability’ prob-
lem, which hypothesises LOADs polygenic aetiology has
approximately 58-79% of heritable traits, for which only
3.1% are currently accounted [2].

2) Next Generation Sequencing: Next-generation
sequencing (NGS) [6] has gained much traction over
the last decade as a tool for AD research and risk
prediction. As NGS becomes cheaper to conduct at scale,
it provides potential solutions to some of the above-
mentioned issues [7] (1). For instance, whole genome
sequencing (WGS) and whole exome sequencing (WES)

capture much more data for downstream analysis, which
may allow for detecting rare and structural variants (e.g.
TREM?2 [2]). In addition, adopting nanopore technology
(e.g. Oxford Nanopore [8]) allows for ultra-long reads,
which may also be helpful.

Despite its growing popularity, the possibilities as-
sociated with analysing vast amounts of genomic data
to assess risk and diagnose polygenic diseases (such as
LOAD) have yet to be fully realised in clinical settings.

We postulate that this failure is partly due to the
lack of widely available ethnically and ancestrally di-
verse datasets (though WGS datasets of up to 500,000
individual samples are available to researchers) [9] [2].
However, the most significant contributing component
to this adoption failure is more likely the downstream
analysis techniques employed in exploring the relevant
genomic data. Furthermore, the most widely researched
technique (in the last decade), weighted polygenic risk
score (PRS), warrants a healthy degree of scepticism
insofar as its statistical predictive power is concerned. As
such, we explore PRS briefly, highlighting its limitations
and potential alternatives in the following subsections.

B. Background: Polygenic Risk Scores

Historically, polygenic risk scores (PRS) have been con-
troversial due to their inconclusive and unconvincing
results. It has been widely hypothesised that the poor
performance of PRS is likely due to the method’s fail-
ure to capture complex patterns found within human
genome data [10]. Given that classical PRS method-
ologies are considered statistically insufficient due to
their simplicity, fundamentally additive and linear nature
(1), modifying or replacing the mechanism for calculat-
ing polygenic risk with a model that more reasonably
maps non-linearities within the data is an intuitive and
reasonable line of enquiry [11]. Interestingly, machine
learning-based (ML-based) approaches offer a potential



solution to capturing these complex non-linear relation-
ships within genomic data. Furthermore, a subset of
ML, dubbed ’deep learning’ (described in I-C), can
automatically capture meaningful temporal and structural
features, presenting an even more attractive proposition
for genomic-based research in this domain [12].

=M
PRSj = Z :EZ'J‘,B%'

=0

ey

C. Background: Deep Learning

While the ideas introduced by McCulloch and Pitts in
1943s [13] and Rosenblatt in 1957 [14] paved the way
for connectionist approaches in Artificial Intelligence,
the adoption of these computational models was hindered
in part due to a large degree of criticism leveraged
by Minsky and Papert, describing the endeavour as a
"limited" area of research [15]. While their critique was
valid at the time of publication, we have seen significant
advancements in computational hardware (e.g. GPUs
and FPGAs) and the field more broadly. Notable con-
tributions include work on backpropagation in 1986 and
applying convolutional neural networks to ’big data’ in
2012 [16] and [17].

The first recorded use of the term "deep learning"
is attributed to Dechter’s 1986 paper on constraint sat-
isfaction in heuristic search [18]. Whilst the coinage
is undoubtedly noteworthy, deep learning, as we know
and understand it today, typically refers to end-to-end
machine learning built on approaches from connection-
ism, where feature extraction is ’baked in’. Coincidently,
another paper published in 1986 by Hinton et al. is a
strong candidate to be credited with the birth of deep
learning, as it provides the basis for all modern deep
learning architectures: backpropagation of error [16].

Over the last decade, we have seen unprecedented
growth in ’deep learning’ as a research area (an overview
is provided in 2). The resulting technologies demonstrate
an uncanny ability to accurately detect complex patterns
in data, which was previously thought (by some) to be
impossible for machines to accomplish. This positions
machine learning-based technologies (with a specific
focus on deep learning) in an excellent position to be
used for downstream analysis techniques in genomics
and bioinformatics. The strategy discussion in II provides
a brief overview of recent developments in deep learning-
based bioinformatics central to our problem statement,
summarised in I-D.
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Figure 2. An overview of deep learning, from Lin et al. [19]

D. Problem Statement and Scope Summarisation

Alzheimer’s disease continues to pose a significant bur-
den (socioeconomic or otherwise) on healthcare systems
(specifically, the NHS), patients and their families. While
the overwhelming number of AD instances are cate-
gorised as LOAD, more could be done to offset the risk
of EOFAD sooner. LOAD-presenting patients is expected
to grow significantly over the next 15 years. Thus, a
continued effort is required to identify and diagnose the
disease as early as possible. These efforts, if realised,
will result in considerable benefits to the NHS, numerous
patients and their families. We have identified several
problems with "traditional GWAS" and "weighted PRS"
analysis techniques. However, broader adoption of NGS
will undoubtedly occur as the cost associated with WGS,
WES, and nanopore technologies continues to decrease.
As such, we expect more AD-associated variants (SNPs,
SVs, RVs) to be discovered. With this fundamental
assumption stated, we identify deep learning-based tech-
nologies as a potential solution to the inadequacies of
existing PRS methods for predicting the risk of AD.

We also emphasise that traditional GWAS, whilst im-
perfect, could still benefit from adopting these technolo-
gies downstream. As such, we also encourage continued
research on existing multi-array SNP datasets, WGS and
WES datasets.

In the next section, we discuss several potential
strategies (within the context of existing bioinformatics
research) for integrating DL-based methods into a risk
assessment and diagnostic framework for clinical trials
or future adoption.

Note: An overview of our problem space is illustrated
in Figure 3.

II. STRATEGIES TO ADDRESS THE PROBLEM

In 2020, Koumakis posed the following question: "Deep
learning models in genomics; are we there yet?" [20].
They conclude that: "DL models can provide higher
accuracies in specific tasks of genomics than the cur-
rent state-of-the-art methodologies" [20], which provides
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Figure 3. An overview of the problem space

sufficient motivation to address the problems associ-
ated with predicting risk (PRS) and classifying AD
(as discussed in I-B and I-D). As such, we deem it
appropriate to revisit this question five years later to re-
evaluate deep learning-based strategies and inform our
final recommendation.

A. Related Strategies

Song et al. [21] introduce GenBERT, a DL-based ar-
chitecture built on stacked encoders, tuned using an
evolutionary algorithm. The research combines Gen-
BERT with a multi-input convolutional neural network
(MI-CNN) to classify AD-positive patients as early as
possible. While their motivation aligns with our own, and

the approach boasts an impressive accuracy (98.3%) and
F1 score (97%), the necessary data required to train (and
perform inference on) their model includes clinical notes,
genetic profiles and neuroimaging data. Given that the
type, quality, and quantity of data required to utilise their
approach are unlikely to be unavailable before disease
onset, their model is only viable for diagnosis after
a clinician has recognised AD symptomology and the
necessary brain scans have been performed. In addition,
the associated costs of adopting this approach (required
staff, hardware, software and compliance adherence,
[22]) may outweigh the potential benefits, as it cannot
be described as low-cost or high-throughput. In addition,
we recognise that clinician notes could introduce implicit



bias into the system. We raise concerns over LLM-
based architectures processing human written notes, as
bias has been a significant issue in many healthcare-
augmented Al deployments [23] [24]. Finally, we note
that including an ablation study would have significantly
improved the assessability of each model’s contribution
(in isolation) to the final patient classification (AD-
positive, AD-negative). Without assessing the capability
of the genomic-based model in isolation, it only aids our
ability to consider such models for risk stratification.

Li et al. [5] comprehensively review ’brain imaging
biomarker genomics in Alzheimer’s disease’ for preci-
sion medicine. While not immediately relevant, they dis-
cuss the dataset sizes available for neuroimaging data ac-
companied by genomics data for use in AD-related data
processing. As previously suspected, potential datasets
for use in this case are, on average, approximately ten
times smaller than purely genomic ones yielded through
GWAS. As such, we further outline our concern for using
neuroimaging data in *fusion’ methods [19] as DL-based
approaches typically generalise better when trained on
much larger datasets.

Alatrany et al. [25] use random forests to extract
candidate genetic correlates from GWAS data as features
for a downstream convolutional neural network (CNN)
and multilayered perceptron (MLP). Their models (CNN
& MLP) achieve an AUC of 93% and 90%, respec-
tively, indicating that simple non-linear models com-
bined thoughtfully can perform well.

While deep learning-based approaches appear to pro-
vide an effective means of assessing risk and diagnosing
AD genetically [12], we have already raised some con-
cerns regarding model integrity. As such, we consider
the significant effort in developing explainable Al (XAI)
tooling, as discussed by Khater et al. [26]. Many of these
explainable approaches utilise traditional ML, such as
support vector machines (SVMs), as they offer better ex-
plainability than complex DL-based architectures (such
as transformer-based methods [27]). Many approaches
also use SHAP values to support model interpretability
better.

Khater et al. [26] describe a DL-based approach to
train a base model on genomics data and apply transfer
learning to increase the model’s robustness. Initial candi-
date genetic correlates and biomarkers are identified and
extracted as features for a downstream SVM. Whilst their
description does not match the details in their cited paper,
it provides a fascinating insight into one potentially
interesting approach. We cite this (with the knowledge
that some transcriptional error has occurred in their

write-up) as it exemplifies an approach that captures the
best of both worlds: using deep learning’s automatic
feature extraction capabilities and providing increased
control and manual oversight in the validation of those
features whilst ensuring some degree of explainability.

A promising research area (which seems to excel in
explainability) links pangenome graphs with machine
learning architectures to improve AD risk prediction and
diagnostic precision [28]. However, the computational
requirements for analysis are considerable [29], and this
research is incredibly scarce. We only found two in-
stances of this particular methodology applied to similar
bioinformatics problems [28] [30]. While this research
poses an exciting prospect, it is likely too immature, and
further evidence is required before any further review can
be considered.

B. Pre-Recommendation Conclusions

Interestingly, Koumakis’ [20] conclusions corroborate
our review-based findings under II-A. However, many of
the same hurdles are still to be overcome, most notably
regulatory issues (data sharing, model robustness) and
"the process of translating the knowledge acquired in
genomics research into clinically useful tools" [20],
which has proven extremely slow. Nevertheless, progress
has been made within this research area, and we use
this progress to inform our strategy recommendation as
provided under §3.

III. STRATEGY RECCOMENDATION

In our efforts to reach a strategy recommendation, we
consider previously discussed bioinformatics research
for evaluating patient risk of EOAD and LOAD (II).
In addition, we note the largely unrealised conceivable
benefits discussed in I. However, we also weigh the
potential benefits against their associated risks. Careful
consideration for the NHS framework for advanced clin-
ical practice [31] and the inherent complexities tied to
compliance (especially those associated with Al systems)
are also granted [32] [33] [22]. We also cite issues
inherent to genomics research (limitations of upstream
GWAS), potential psychological effects of disclosing
genetic predisposition to patients prematurely (with im-
perfect confidence values) and large-scale lack of stan-
dardisation as highly problematic (at present) [20]. We
reach the following conclusions, which are provided
below as a basis for our recommendation.

o Utilising a low-cost, high-throughput means of eval-
uating genetic predisposition to EOFAD continues



to be viable. It does not require the use of compu-
tationally complex analysis techniques.

o Existing standardised genetic tests for measuring
APOE and its variant biomarkers provide a solid
foundation for existing risk stratification (and for
diagnostic aids) in assessing for LOAD.

o Unmodified weighted PRS is a statistically inade-
quate methodology for assessing patient risk of AD
and is not viable for clinical adoption.

o Genomics data and WGS-based datasets will con-
tinue to grow over the next fifteen years, and ge-
nomics research will not slow down anytime soon.

We are in favour of continuing to maintain existing
clinical risk assessment and diagnostic pipelines. In ad-
dition, we understand that the reviewed research (under
II-A) would significantly benefit from a standardisation
framework and a greater degree of diversity in repre-
sentative datasets. However, we consider ML and DL-
based methods (for assessing PRS applied to enhanced
risk stratification) as acceptably mature candidates for
further analysis and validation. This will be the first
tentative step in a multi-phased approach towards full
clinical adoption over the next ten years.

We make this recommendation cautiously and empha-
sise that this will be a long-term strategy. In essence, we
anticipate an acceleration in genomic data production,
progress in related fields (AI, ML, DL) and their applica-
tions to genomics research. Furthermore, we consider the
regulatory frameworks [32] [33] [22] for managing data
and Al deployments (in Europe and the United King-
dom) to be advantageous in protecting against possible
collateral damage (to patients and the NHS alike).

Drawing from Alatrany et al. [25], Zhou et al. [12] and
Khater et al. [26], we propose a framework for clinical
adoption that aims to accomplish the goals outlined in
the subsequent subsections.

A. System Overview & Timeline

The proposed framework includes a timeline consisting
of multiple phases. Firstly, an initial period of fur-
ther analysis and validation of current state-of-the-art
ML/DL-based techniques is to be conducted. Subse-
quently, development and deployment will take place (for
an initial trail), targeting existing high-risk AD patients
to validate piloted systems. This will be followed by
an observation and evaluation period. Depending on the
pilot programme’s results, a concerted effort may or may
not be made to scale up the programme, as shown in
Figure 4.

5 illustrates the framework’s integration into existing
clinical procedures related to established NHS genomic
labs while introducing ML/DL-based pipelines contain-
ing Random Forests for feature selection and MLP,
SVM, and CNN models for classification, as discussed
in II-A.
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B. Maximising Diversity in Representative Datasets

Combining multiple cohorts and existing GWAS datasets
for base model pre-training ensures that the most com-
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Figure 4. Proposed translational bioinformatics pipeline for DL/ML AD risk stratification pipeline

prehensive genetic factors influencing AD onset are cap-
tured during this stage. In addition, we suggest curating
datasets that include individuals from varied ethnic and
socioeconomic backgrounds for ongoing research efforts.
However, during the initial piloting of clinical systems,
we suggest targeting smaller, already suspected cohorts
at high risk of AD to validate the model pre-training
procedure during this phase.

C. Emphasising the Need for Quality Control

Quality control in model development and deployment
is essential for model robustness [32], validation testing,
and explainability [22], which are especially important
in any clinical setting. For instance, the ISO 24029
standards for AI/ML testing (related explicitly to robust-
ness) describe procedures undertaken during design and
development, verification and validation, deployment and
operation, and monitoring. We strongly advise adopting
these procedures to ensure Al models perform reliably
across the above-mentioned datasets. Furthermore, we
draw from II-A in suggesting the avoidance of raw
human-produced clinical notes as input for risk stratifi-
cation (in favour of using "MCQ-type’ notes) to remove
as much potential bias as possible. XAl tooling (such
as SHAP and explainable feature selection) is also inte-
grated into the risk assessment and diagnostic pipeline.

D. Seamless Integration with Existing Methods for Risk
Stratification

Integrating novel ML/DL-based methods with existing
risk stratification and diagnostic tooling allows for easy
piloting and minimal disruption to clinical workflows.
By building on existing procedures (conventional genetic
testing and other piloted PRS techniques), clinicians can
interpret results comfortably and familiarly. Integrating
systems in this manner should allow for manageable
adoption during initial trials while leveraging current
patient data for system validation during the piloting
period.

E. Offsetting Human Over Reliance

We briefly note that Al systems often become a source
of over-reliance and, as such, propose that any reports
generated from such systems be highlighted as ML/DL-
sourced findings (using a bright background colour).

F. Expected Outcomes

o Improved patient care and well-being.

« Reduced stress on the healthcare system (NHS)

e Reduced cost (if successful) over the next fifteen
years



G. Conclusion

Our recommendation emphasises the importance of
recognising NGS, ML, and DL as promising tools for
accurate AD-risk prediction by discussing the poten-
tial for clinical adoption in terms of related strategies
presented under II-A. We outline a clinical framework
for adoption to provide clinicians with improved AD-
risk stratification and diagnostic aids. We highlight the
need for diverse representation during pre-training and
robust quality control, presenting a model integration
strategy that follows existing regulatory frameworks and
NHS guidance. Ultimately, this recommendation aims to
improve patient care, relieve pressure on the national
healthcare system and reduce healthcare costs over the
long term.
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