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Abstract

Over recent decades, nutritional epidemiology has evolved from nutrient-specific investigations
to dietary pattern analysis, complementing traditional dietary assessment methods. With the
global aging population and rising chronic disease burden, particularly cancer, identifying
modifiable dietary risk factors through holistic dietary assessments is essential. Data-driven
dietary pattern analysis methods, including principal component analysis and cluster analysis,
have been widely used to derive dietary patterns. However, challenges in cluster quality persist,
especially with dietary data. Recent advances in machine learning, including non-linear
dimensionality reduction, offer promising strategies to enhance cluster separability in dietary
pattern research. This review summarises the evolution of dietary assessment methodologies,
outlines the development of dietary pattern analytical approaches and synthesises epidemio-
logical evidence linking clustering-driven dietary patterns to cancer and metabolic disease risk.
Furthermore, it highlights methodological gaps and discusses future directions emphasising the
integration of machine learning methods for practical application in personalised cancer
prevention. Establishing standardised frameworks combining dimensionality reduction and
clustering may facilitate the translation of validated dietary patterns into digital platforms for
widespread public health impact.

Over the past several decades, nutritional epidemiology has undergone a transition from
nutrient-focused investigations to more holistic assessments of overall dietary habits.
Traditional dietary assessment methods such as 24-h recalls (24HR) and FFQ have been applied
to large-scale cohort studies but remain subject to recall bias and measurement error. To better
characterise overall dietary behaviours despite these limitations, data-driven approaches for
identifying dietary patterns have been increasingly adopted.

With the consistent rise in the proportion of the elderly, the prevalence of chronic diseases,
particularly cancer, is of significant concern. According to estimates from the WHO in 2019,
cancer is the first or second leading cause of death before the age of 70 years in 112 of 183
countries). Also, the Global Cancer Observatory estimated that the global cancer burden is
expected to undergo a 47 % rise in 2040 compared to 2020®). This escalating burden underscores
the urgent need to identify modifiable risk factors, including diet, that contribute to effective
cancer prevention.

In this context, dietary pattern analysis provides a more comprehensive framework for
understanding the role of diet in chronic disease prevention. By capturing the combined and
potentially synergistic effects of multiple foods, it reflects real-world dietary behaviours com-
prehensively’®. Among available methods, principal component analysis (PCA) and cluster
analysis (CA) are the most widely used tools for deriving empirical dietary patterns'”). However,
for CA, challenges related to cluster quality persist, particularly in dietary datasets.

Recent methodological advances in computational science — especially machine learning-
based techniques such as Uniform Manifold Approximation and Projection (UMAP) and deep
learning-based autoencoders (AE) - offer promising solutions for modelling non-linear rela-
tionships and improving cluster separability. Integrating these approaches into dietary pattern
analysis, together with rigorous dietary assessment and appropriate validation, may contribute
to more robust analytical frameworks. If validated in independent populations, these
approaches could support the future development of digital health tools for personalised
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nutrition and chronic disease prevention, while also informing
population-level public health strategies.

However, their successful application depends on the quality of
the underlying dietary assessment data and requires careful con-
sideration of dietary measurement error. This perspective is
consistent with recent methodological work highlighting that the
performance of neural network models for dietary data can be
substantially affected by dietary measurement error and therefore
requires appropriate handling of error-prone dietary exposures®).

Existing reviews have separately addressed advanced dietary
assessment technologies'®, analytical approaches for deriving
dietary patterns'”) or the application of machine learning in per-
sonalised nutrition®. More recently, a scoping review summarised
advances in methods for dietary pattern characterisation, high-
lighting the growing diversity of analytical approaches while also
emphasising the need for greater methodological consistency and
standardised reporting®. What remains underexplored is a uni-
fying perspective that connects these advances to the challenges of
dietary pattern research.

To address this gap, this review aims to (1) summarise the
evolution of dietary assessment methodologies, (2) describe the
conceptual development and methodological advances in dietary
pattern analysis, (3) synthesise findings from prospective cohort
studies linking data-driven dietary patterns to cancer and meta-
bolic disease risk and (4) discuss future directions emphasising the
integration of advanced machine learning approaches to enhance
real-world applicability in dietary pattern research.

To improve transparency, we briefly describe how the literature
included in this review was identified. The literature included in
this narrative review was identified through a combination of
targeted database searches and manual screening of relevant
publications and reference lists. To summarise the epidemiological
evidence presented in Tables 1 and 2, a structured search of
PubMed and Web of Science was conducted using combinations of
keywords related to dietary patterns, CA and chronic disease
outcomes (Supplementary Table 1). Studies were screened based
on their relevance to cluster-derived dietary patterns and cancer or
metabolic disease outcomes, with emphasis on prospective cohort
studies.

Evolution of dietary assessment methodology
Conventional dietary assessment methods

Accurate assessment of dietary intake in daily life and identi-
fication of an individual’s representative habitual intake are crucial
for developing personalised dietary advice. Conventional dietary
assessment methods used in epidemiological studies can largely be
categorised into four approaches: dietary records, 24HR, FFQ and
dietary biomarkers'?), Each method possesses intrinsic strengths
and limitations, influencing their distinct applications!?). Dietary
records involve real-time recording of all foods consumed, while
24HR relies on retrospective recall with the assistance of trained
interviewers. Both methods can yield detailed and accurate intake
data but may not capture habitual long-term dietary patterns. FFQ,
in contrast, are designed to assess habitual intake over extended
periods, typically the past year, by querying the frequency of
consumption of approximately 100-150 food items. While FFQ
are cost-effective and suitable for large-scale epidemiological
studies, they have limitations such as recall bias and difficulties in
estimating portion sizes — particularly in Asian dietary contexts,
where meals often consist of mixed dishes and shared portions.

H. Lee et al.

Furthermore, FFQ have limited ability to capture emerging dietary
variables, such as meal timing and ultra-processed food con-
sumption, which are increasingly considered relevant to chronic
disease risk. Despite these challenges, FFQ remain the primary tool
in prospective cohort studies because of their practicality and
ability to capture habitual intake. Dietary biomarkers measured in
biological specimens, such as blood and urine, can provide
objective indicators of dietary exposure and complement self-
reported dietary assessment methods. Examples include urinary
nitrogen for protein intake and serum carotenoids for fruit and
vegetable intake. Although they cannot comprehensively capture
overall dietary patterns, dietary biomarkers play an important role
in validating self-reported dietary data.

Advances in dietary assessment tools utilising new
technology

Research has been focusing on refining and developing new tools
to improve accuracy and reduce the burden of both researchers and
participants, particularly by integrating digital tools such as
smartphones, cameras and sensors into the four existing dietary
assessment methodologies!>!?, as depicted in Figure 1.

Integration of digital technology into dietary assessment can be
traced back to the advent of paperless forms of 24HR and FFQ(¥.
Examples of this digital integration include the online Automated
Self-Administered 24HRU%), along with various mobile device
applications as summarised by Schembre et al.!®). More recently,
image-based dietary record tools emerged, which utilise digital
cameras to capture food consumption via photographs!!”). The
objective is to decrease the burden on participants and resolve
issues of underestimation and recall bias inherent in traditional
methods. Examples of these tools include the Mobile Food
Record® and the Remote Food Photography Method'), where
participants capture everything they eat during a defined time
period by taking a photo before and after each meal. However,
challenges such as high costs, lack of database and the need for
enhanced algorithms to analyse the images remain.

Moreover, wearable cameras attached to various body parts,
such as the SenseCam and e-Button®”, and sensors worn on the
neck or wrist detecting eating motions and the tooth and epidermal
sensors detecting metabolites are designed to reduce bias and
participant burden while capturing continuous real-time data!®).
Dietary records using wearable cameras and sensors represent a
novel approach in dietary assessments, with wearable devices
continuously capturing dietary events or specific nutrients or
metabolites associated with eating. Recent initiatives, such as the
Nutrition for Precision Health powered by the All of Us Research
Program, have also incorporated emerging technologies, including
wearable devices (e.g. the Automatic Ingestion Monitor-2)?Y, to
improve the objective assessment of dietary behaviours.

Although technology-based dietary assessment tools offer
several advantages, including reduced participant burden, auto-
mated data processing and the ability to capture eating behaviours
in real time, they also present important challenges. Most currently
available tools still rely on self-reported dietary intake and
therefore remain susceptible to measurement error and reporting
bias. In addition, rigorous validation, standardised reporting and
transparent documentation of tool development are essential to
ensure data quality. Accordingly, these technologies should be
viewed as complementary to, rather than replacements for, con-
ventional dietary assessment methods®?. No single dietary
assessment method is optimal for all research settings, and the
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Table 1. Epidemiological studies examining associations between cluster-derived dietary patterns and cancer

Results
Data source Number of Number of Follow-up, Number of Names of
Algorithm Design (country) Outcome participants cases years clusters the clusters OR 95 % Cl Author, year
Cluster Prospective NHANES (USA) Cancer mortality 3518 137 deaths 73 4 C1 (low vitamin) 1.00 ref. Li, 202456
analysis study chronic kidney
dicemse C2 0-68 0-36-1.29
patients C3 (vitamin C/K) 042  020-0.88
C4 0-64 0-36-1.14
Prospective NHANES (USA)  All-cause 12 724 6-99 % cancer 71 3 C1 (high HEI) 1-00 ref. Liu, 202267
study mortality, Cancer deaths
mortality, CVD 10-47 % CCVD c2 143 1.17-1.75
mortality deaths C3 (low HEI) 130  112-141
Prospective Newfoundland Colorectal cancer 532 170 deaths 63 4 C1 (fruits and 1.00 ref. Sharma,
cohort study and Labrador survival colorectal vegetables) 2018%®
colorectal cancer
cancer cohort patients C2.(meat and 219 1-03-4.67
(Canada) dairy products)
C3 (grains sugar) 1.95 1-13-3.37
C4 (many foods) 1.55 0-92-2.61
Prospective NIH-AARP Diet  Colorectal cancer 492 306 3110 4.5 4 for men Many foods 1-00 ref. Wirfalt, 20099
cohort study and Health incidence 3 for women
Study (USA) Vegetables and 0-85 0-76-0.94
fruits
Fatty meats 0-94 0-80-1.10
Fat-reduced foods 0-88 0-70-1.11
Prospective Whitehall Il All-cause 7731 376 deaths 15 4 Unhealthy 1.00 ref. Brunner,
cohort study Study mortality, Cancer 200860
(UK) mortality Sweet 0-85 0-51-1.43
Mediterranean-like 0-88 0-54-1.44
Healthy 1.15 0-80-1.64
MCA and Prospective NRP1A, All-cause 15 936 1460 cancer Up to 37-9 5 Sausage and 1.00 ref. Krieger,
cluster cohort study MONICA mortality, deaths vegetables 2018(61
analysis (Switzerland) Cardiovascular
mortality Meat and salad 0-95 0-82-1.11
Cancenmonility Fish 082  0-68-0.99
Traditional 0-93 0-79-1.10
High-fibre foods 0-85 0-72-1.00
(Continued)
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Table 1. (Continued)

Results
Data source Number of Number of Follow-up, Number of Names of
Algorithm Design (country) Outcome participants cases years clusters the clusters OR 95 % ClI Author, year
PCA and Prospective EPIC-Norway Total cancer, 34 471 1355 6 6 Fish 0-95 0-73-1.23 Engeset,
cluster cohort study (Norway) breast cancer, 200901
analysis Gastrointestinal Healthy 0-92 0-79-1.08
cancer, Colon Average 1.00 ref.
cancer, Rectal
cancer, Colorectal Western 0-80 0-68-0.95
incid
cancer incdence Bread 086 073-1.00
Alcohol 110 0-91-1.34
Case-control Morocco Colorectal cancer 1483 1483 - 2 Dangerous 1.59 1-37-1.83 Qarmiche,
study risk 202362
Prudent 1.00 ref.
Case-control China Colorectal cancer 2799 2799 - 2 Refined grain 1.00 ref. Ma, 202363
study risk
Balanced 0-62 0-52-0.74
Case-control Italy Breast cancer, 3413 2569 (breast - 5 G1 (fruits/ 0-96 0-84-1.10 Edefonti,
study Ovarian cancer cancer) vegetables) 200964
risk 1031 (ovarian
cancer) GZ. (meat/eggs/ 0-88 0-77-1.02
dairy products)
G3 (low intakes) 1.00 ref.
G4 (olive oil) 1-00 0-86-1.16

G5 (bread/pasta) 1-23 1-08-1.38

NHANES, National Health and Nutrition Examination Survey; CCVD, cerebrocardiovascular disease; HEI, Healthy Eating Index; NIH-AARP, National Institutes of Health-American Association of Retired Persons; MCA, multiple correspondence analysis; NRP1A,
National Research Program 1A; MONICA, Monitoring of Trends and Determinants in Cardiovascular Disease; EPIC, European Prospective Investigation into Cancer and Nutrition; PCA, principal component analysis.
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s8]
Table 2. Epidemiological studies examining associations between cluster-derived dietary patterns and metabolic outcomes =
=
>
Results
Number of Number Follow- Number of - S
Algorithm Design Data source (country) Outcome participants of cases up, years clusters Names of the clusters OR 95 % ClI Author, year §
UMAP and Prospective Oroshisho study Hypertension 447 64 2 4 Seafood and alcohol 1-00 ref. Li, 20249 %
cluster cohort study (Japan) incidence - =
— Dairy products/ 0-43 0-21-0.86 =
ysis IS
vegetables-based =3
=)
Meat-based 0-38 0-16-0.86 g'
Low-fibre high-sugar 0-35 0-13-0.92
FA and cluster Prospective Cardiovascular Metabolic 11 305 2398 4.8 3 for men C1 (low in all factors) 0-80 0-64-1.00 Kim, 2022(62)
analysis cohort study Disease Association syndrome 4 for women :
Study (CAVAS) (Korea) incidence C2 (vegetables/ 1-00 ISl
seaweeds)
C3 (non-traditional/non- 0-71 0-45-0.93
staple foods)
C4 (meat/poultry/ 0-69 0-54-0.88
seafood)
Cluster Prospective Ansan-Ansung cohort Obesity 6539 1812 11 3 White rice and kimchi 1.00 ref. Tan, 2024(3)
analysis cohort study study (Korea) incidence T
Multigrain rice and 0-87 0-79-0.95
kimchi
Barley and kimchi 1.07 0-94-1.22
Prospective The Malmo Diet and Diabetes 26 622 4046 18-4 5 High refined carbs/low 1-00 ref. Olsson,
cohort study Cancer Study incidence fruit and vegetables 202364
(Sweden) "
High vegetables/low 0-99 0-88-1.12
added sugar
High sugar-sweetened 0-97 0-86-1.08
beverages
High juice 0-95 0-86-1.05
High fruit 0-86 0-78-0.94
Prospective The Geisinger Rural Metabolic 449 146 5 3 Health-conscious 1-00 ref. Hsiao,
cohort study Aging Study (USA) syndrome : 20138
incidane Sweets and dairy 1-24 0-69-2.26
products
Western 0-92 0-46-1.85
Prospective Vasterbotten Obesity 6545 535 10 2 Fruits and vegetables 1-30 0-89-1.91 Nyholm,
cohort study Intervention incidence . 20139
Mixed pattern 1-00 ref.

Programme (Sweden)

(Continued)
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Table 2. (Continued)

Results
Number of Number Follow- Number of -

Algorithm Design Data source (country) Outcome participants of cases up, years clusters Names of the clusters OR 95 % ClI Author, year
Prospective The Framingham Metabolic 1146 355 7 5 Empty calorie 1.00 ref. Kimokoti,
cohort study Heart Study (USA) syndrome ; 201279

P Higher fat 0-62 0-29-1.32
Wine and moderate 0-46 0-14-1.50
eating
Lighter eating 0-67 0-33-1.34
Heart healthier 0-88 0-42-1.87
Prospective Coronary Artery Risk Metabolic 3728 - 20 2 Western consumers 1.00 ref. Duffey,
cohort study Development in Young  syndrome 20129
Adults (CARDIA) study indidanae Western non-consumers 0-85 0-69-1.07
(USA) Prudent consumers 0-84 0-64-1.10
Prudent non-consumers 0-64 0-50-0.82
Prospective Shanghai Women’s Diabetes 64 191 2267 6-9 3 Staples 1-00 ref. Villegas,
cohort study Health Study (SWHS) incidence : 20100
. Dairy products 0-68 0-62-0.75
(China)
High energy intake 0-95 0-74-1.22
Prospective Whitehall Il Study (UK) Diabetes 7731 410 15 4 Unhealthy 1-00 ref. Brunner,
cohort study incidence 20086
Sweet 1-16 0-83-1.61
Mediterranean-like 1.04 0-75-1.43
Healthy 0-74 0-58-0.94
Prospective The Framingham Overweight 737 214 12 5 Heart healthy 1.00 ref. Quatromoni,
cohort study Nutrition Studies incidence : : 200267
Light eating 1.10 0-80-1.60
(USA)
Wine and moderate 0-90 0-40-2.10
eating
High fat 100  0-70-1.50
Empty calorie 1-40 0-90-2.20

UMAP, Uniform Manifold Approximation and Projection; FA, factor analysis.
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1
1
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FFQ assisted FFQ '
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Paper Computers  Mobiles ~ Cameras \gaea
Time

Fig. 1. Evolution of dietary assessment tools from past to future. The x-axis represents the progression from manual tools to technology-based tools, while the y-axis
differentiates the four dietary assessment methods. 24HR, 24-h recall; DR, dietary record.

choice of method should be guided by the specific research
objective while balancing considerations such as accuracy, par-
ticipant burden, feasibility, cost and scalability. Consequently,
although technology-based tools may enhance dietary assessment
in specific settings, FFQ continue to play a central role in pro-
spective cohort studies because they provide a practical, cost-
effective and scalable approach for assessing habitual dietary intake
over extended periods in large populations, despite their inherent
limitations in measurement error and recall bias.

Dietary pattern analysis: concepts, methods
and applications

Historical context and rationale

Nutritional epidemiology has undergone a paradigm shift over the
past several decades as depicted in Figure 2. Early research focused
primarily on nutrient deficiencies®”. With the development of
FFQ and the establishment of large cohort studies, attention shifted
towards evaluating the effects of single nutrients on chronic disease
risk. However, major randomised controlled trials, such as the
Alpha-Tocopherol, Beta-Carotene Cancer Prevention (ATBC)
Study, yielded null or inconclusive findings on the benefits of
vitamin and mineral supplementation®¥, prompting a transition
towards examining individual foods and food groups. Also,
O’Connor and colleagues®”) systematically reviewed trial evidence
to update the US Preventive Services Task Force recommendation
on the efficacy of vitamin supplements for primary prevention.
The authors concluded that there was no clear evidence of a
beneficial effect of supplements on all-cause mortality, CVD or
cancer®. More recently, the focus has shifted to dietary pattern
analysis, which captures the combined and potentially synergistic

effects of multiple foods and better reflects real-world dietary
behaviours. This evolution is also evident in major cancer pre-
vention reports. While the 2018 report of the World Cancer
Research Fund®® primarily focused on individual foods and
nutrients, its 2025 update®”) incorporates dietary patterns and
lifestyle patterns as a more holistic approach to cancer prevention.
This evolution in dietary pattern research has also been accom-
panied by growing recognition that diet is a multidimensional and
dynamic exposure. Building on this perspective, the National
Cancer Institute and the National Institutes of Health convened
the ‘Extending Methods in Dietary Patterns Research’ workshop,
which identified several methodological priorities for advancing
dietary pattern research, including improved dietary assessment,
standardisation of dietary pattern methods, consideration of
dietary dynamism across the life course and better approaches for
addressing measurement error®®. These recommendations pro-
vide an important conceptual foundation for the continued
development of dietary pattern research.

Classification of analytical approaches

Dietary patterns are defined as the quantities, proportions, variety
and combinations of different foods and beverages in diets and the
frequency with which they are habitually consumed®-%. Two
primary methodological approaches have been established for
analysing dietary patterns: a priori methods and a posteriori
methods®!3?),

A priori methods, such as the Healthy Eating Index®?, rely on
predefined scoring systems based on established dietary guidelines.
These methods use fixed criteria to assess adherence to recom-
mended dietary behaviours, producing standardised and inter-
pretable scores. Large collaborative efforts, such as the Dietary
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and blood pressure
clinical trial

multivitamins
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supplementation

Fig. 2. Shift of the focus of nutritional epidemiology research. ATBC, Alpha-Tocopherol, Beta-Carotene Cancer Prevention Study; DASH, Dietary Approaches to Stop
Hypertension; NIH, National Institutes of Health; USPSTF, US Preventive Services Task Force.

Patterns Methods Project, have further demonstrated that major
dietary quality indices - including the Healthy Eating Index,
Alternative Healthy Eating Index, Mediterranean Diet score and
Dietary Approaches to Stop Hypertension score — consistently
capture key aspects of healthy dietary patterns and provide a robust
basis for dietary guidance®?. In contrast, a posteriori methods are
data-driven and include techniques such as PCA, factor analysis
and CA. PCA and factor analysis extract continuous dietary pat-
terns — such as the “‘Western’, ‘Prudent’ or “Traditional’ diet — and
assign each person an adherence score®”. Although PCA and
factor analysis are often used for similar purposes in nutritional
epidemiology, they differ conceptually. PCA is a technique that
transforms correlated variables into orthogonal components
explaining the maximum variance in the observed data®, whereas
factor analysis assumes that the observed correlations arise from a
smaller number of underlying latent factors®”. While these
approaches capture variation in dietary intake, the reliance on
continuous scores can limit direct interpretability in some con-
texts. CA instead produces mutually exclusive groups with distinct
dietary profiles®®”, facilitating clearer subgroup identification and
potentially more actionable results. The commonly used method is
the k-means clustering algorithm, which partitions the data into k
clusters by assigning each data point to the nearest cluster centroid
after specifying the desired number of clusters. Recent work has
further demonstrated that CA can complement Healthy Eating
Index-based assessment by identifying distinct dietary subgroups
within individuals with similarly high diet quality scores, high-
lighting heterogeneity that may not be captured by a single dietary
index®®®. Clustering quality is often evaluated using the silhouette
coefficient, which compares the average distance between a data
point and all other points in the same cluster with the average
distance to points in the nearest neighbouring cluster. The coef-
ficient ranges from —1 to 1, with values closer to 1 indicating
better-defined and more cohesive clusters®”. Although the sil-
houette coefficient is widely used to assess cluster separation, it has
limitations because it is sensitive to cluster shape and density and
therefore should not be used as the sole criterion for evaluating

clustering performance®”). Hybrid methods, including reduced
rank regression®”, combine elements of both approaches by
linking dietary patterns to predefined health outcomes or bio-
markers. Although this outcome-driven focus can be valuable for
elucidating diet-disease relationships, it may be less suited to
identifying novel dietary patterns that are not closely aligned with
the selected response variables.

Machine learning methods in dietary pattern analysis

Machine learning encompasses a range of algorithms and statistical
models designed to automatically learn patterns from data®V. In
dietary pattern research, machine learning offers powerful tools for
handling complex, multidimensional datasets?. Historically, the
field of dietary pattern analysis has relied on unsupervised learning,
with PCA and CA being the most traditional techniques®.

However, generating stable and meaningful clusters from dietary
data can be challenging. Outside the field of nutritional research,
dimensionality reduction techniques - including PCA and UMAP -
have been applied prior to clustering to improve clustering quality,
enhance visualisation and reduce noise>***), Beyond conventional
machine learning, methods that perform clustering after dimen-
sionality reduction with deep learning models such as AE“® have
been proposed since the 2010s*”). According to a recent survey,
these approaches, often referred to as ‘deep clustering’, have pri-
marily been applied to image, text, video and graph data®®. Also,
their use has extended to tabular data as well*>*0,

However, evidence supporting their application to dietary pattern
analysis remains limited, and their potential benefits in nutritional
epidemiology have yet to be systematically evaluated. Most studies
perform clustering directly on dietary intake data; only a few have
used PCA as a preprocessing step®®'~>%, and the application of newer
methods such as UMAP is limited to a single known example®?.

This gap suggests untapped potential for improving dietary
pattern research through integrated workflows that combine
dimension reduction with clustering. The literature review in the
Methodological trends and research gaps in epidemiological studies

0£9801925% 1120005/ 101 01/B10"10p//:5d11Y "swii93/2103/6.10°26pLiquied mmm//:sd13y Je 3|qe|ieAe ‘asn Jo swual 240D abpriquie) ayy 03 123[gNs ‘0p:8S:L L 3 9202 AON 0 U0 'YNVIITOdOY1IN VINONOLNY AVAISYIAINN "2103/610°36pLiquiedmmm//:sdiy woly papeojumog


https://www.cambridge.org/core
https://www.cambridge.org/core/terms
https://doi.org/10.1017/S0007114526108630

British Journal of Nutrition

section will examine these possibilities in greater detail, high-
lighting both current applications and opportunities for meth-
odological advancement.

Methodological trends and research gaps in epidemiological
studies

Numerous epidemiological studies have applied PCA or CA to
FFQ-derived dietary data. PCA is more commonly used, as it
effectively summarises dietary variation into a smaller set of
components. However, unlike PCA, CA offers the advantage of
classifying individuals into discrete groups, making the results
more interpretable and potentially actionable for public health
recommendations. However, ensuring high-quality, well-
separated clusters in FFQ data remains challenging.

To date, only a small number of studies have applied CA to
derive dietary patterns and examine their associations with cancer
risk (Table 1).

Specifically, five studies applied CA alone®*-*?, and five studies
combined dimensionality reduction with CA®!->4°1). Among these,
only two — by Wirfalt et al.*” and Engeset et al.*") — were prospective
cohort studies using cancer incidence as the outcome. Notably,
Engeset et al. investigated the association between clusters and
cancer incidence in the European Prospective Investigation into
Cancer and Nutrition-Norway cohort. One case-control study by
Qarmiche et al.*? reported a silhouette score for clustering quality;
however, the score was low (0-12). Apart from this study, no other
research reported quantitative metrics of cluster quality. This scar-
city of studies underscores the need for further methodological
development and application of CA in cancer epidemiology.

Given the limited number of prospective cohort studies that have
applied CA to cancer outcomes, it is informative to examine studies
investigating other chronic disease outcomes - particularly metabolic
syndrome and its components. Table 2 summarises several pro-
spective cohort studies that have applied CA to examine the risk of
metabolic syndrome or its components®>*%%27% Tn most cases,
clustering was conducted without prior dimensionality reduction,
which may limit cluster separability and obscure meaningful dietary
distinctions. The number of clusters was also typically small (3-5),
potentially overlooking dietary heterogeneity. A notable exception is
a 2024 study by Li et al.5?, which applied UMAP prior to clustering
to investigate hypertension risk. The reported silhouette score was
0-4, but higher than in previous studies - indicating a methodological
improvement. Nonetheless, the study was constrained by a small
sample size and short follow-up period. Across these studies, several
recurring methodological limitations are evident. First, quantitative
metrics to assess clustering quality - such as silhouette scores — were
rarely reported, making it difficult to evaluate the robustness and
separation of the identified clusters. Second, clustering was often
performed without prior dimensionality reduction, a practice that
may reduce cluster separability and obscure meaningful distinctions
in dietary patterns. Third, the number of clusters was typically
restricted to 3-5, which could oversimplify the diversity of dietary
behaviours within a population. Finally, the application of advanced
machine learning-based dimensionality reduction techniques
capable of capturing non-linear relationships in dietary data remains
limited. Addressing these limitations through more systematic
analytic frameworks and the adoption of machine learning methods
has the potential to enhance the identification of meaningful dietary
patterns and improve their applicability across diverse populations.

Despite differences in study design and disease outcomes,
several common patterns emerged across the reviewed studies.

Overall, the available epidemiological evidence suggests a generally
consistent association between cluster-derived dietary patterns and
chronic disease risk. Dietary patterns characterised by higher
consumption of vegetables, fruits and dairy products were gen-
erally associated with lower risks of cancer or metabolic diseases. In
contrast, dietary patterns characterised by refined grains or
unhealthy dietary habits tended to be associated with increased
disease risk. Although the magnitude and statistical significance of
these associations varied across studies, the overall direction of the
findings was broadly consistent. Differences in study populations,
dietary assessment methods, clustering algorithms and outcome
definitions likely contributed to the observed heterogeneity.

Discussion and future directions

Advances in machine learning offer promising avenues for dietary
pattern analysis. AE can learn non-linear representations of dietary
data, potentially capturing complex relationships among foods that
are not detectable with linear methods. Coupling such repre-
sentations with clustering algorithms may enhance clustering
quality, even in dietary datasets. Future research should system-
atically compare multiple dimensionality reduction methods,
including PCA, UMAP and more recently, deep learning-based
approaches such as AE, to identify the optimal analytical workflow
for dietary data clustering.

A priority for future work is to apply these methods across
large-scale prospective cohort studies and rigorously evaluate
clustering performance using standardised metrics alongside
interpretability measures. Validation should extend beyond
internal clustering performance to include external validation in
independent cohorts, assessment of the reproducibility of dietary
patterns across populations, and evaluation of whether the iden-
tified patterns demonstrate consistent associations with relevant
health outcomes. Such evaluations should aim to determine the
most effective combination of dimensionality reduction and
clustering algorithms for dietary data, establishing a workflow that
can be applied across diverse datasets. Demonstrating consistent
associations between the identified dietary patterns and cancer or
other chronic disease outcomes will be essential for establishing
their epidemiological and public health relevance. Inconsistent
findings in diet-cancer studies could stem from exposure mis-
classification. When dietary patterns are poorly separated, indi-
viduals with distinct risks are grouped together, attenuating the
observed association. Improving clustering quality can reduce this,
allowing for a clearer detection of the significant effects of dietary
patterns on cancer risk. In the longer term, if dietary patterns can
be consistently identified across cohorts, translating these patterns
into digital health tools may support personalised dietary guidance
and chronic disease prevention. Integrating such platforms into
healthcare and public health systems would bridge the gap between
epidemiological research and real-world dietary interventions,
enhancing both prevention and precision nutrition efforts.

Despite their promise, machine learning-based approaches also
introduce practical challenges for epidemiological research. AE
typically require careful tuning of model architecture and hyper-
parameters, and their flexibility raises the risk of overfitting,
particularly when training datasets are relatively small or lack
sufficient diversity. Consequently, model performance may
depend on sample size and data quality, making robust internal
validation essential. In addition, representation learning may be
sensitive to cohort-specific dietary distributions, potentially limiting
the transferability of learned representations across populations
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without appropriate harmonisation. Compared with PCA, the latent
features generated by AE are also less transparent, making it more
difficult to interpret their biological or nutritional meaning. Finally,
future studies should therefore prioritise external validation in
diverse populations to evaluate the robustness and broader appli-
cability of these approaches. Additionally, cluster quality metrics are
necessary but not sufficient; clusters must also be nutritionally
meaningful. Translating clusters into meaningful dietary patterns
can be strengthened by standardised interpretation steps, such as (i)
reporting cluster profiles using relative food-group intake frequen-
cies, (ii) identifying the foods that most distinguish clusters (e.g. top
relative intakes or feature-importance approaches applied to cluster
assignment) and (iii) applying transparent labelling rules to name
patterns consistently across studies. Such practices can improve the
interpretability of dietary patterns.

Although methodological advances such as non-linear
dimensionality reduction may improve the identification of dietary
patterns, the quality of the resulting patterns ultimately depends on
the quality of the underlying dietary data. Dietary assessment
methods, particularly self-reported instruments such as FFQ,
remain susceptible to measurement error, recall bias and mis-
classification. Consequently, improvements in clustering meth-
odology alone cannot fully compensate for limitations in dietary
exposure assessment. Previous methodological studies have also
highlighted that measurement error can substantially influence
clustering results and that clustering based on corrected estimates
of usual dietary intake may better reflect true dietary patterns"’?.
Therefore, future methodological developments should integrate
advances in machine learning with continued improvements in
dietary assessment, measurement error correction and validation
of dietary data to ensure that identified dietary patterns are both
statistically robust and nutritionally meaningful.

Conclusion

Opver the past several decades, dietary pattern analysis has emerged as
an essential tool in nutritional epidemiology, enabling the evaluation
of complex dietary exposures that cannot be fully captured through
single-nutrient or single-food approaches. While large-scale pro-
spective cohort studies have provided valuable insights using PCA
and CA, methodological limitations-including low clustering qual-
ity, lack of standardised evaluation metrics and minimal application
of advanced dimensionality reduction techniques-persist.

Emerging machine learning methods, particularly deep learning-
based approaches such as AE, hold promise for overcoming these
challenges by capturing non-linear structures in dietary data and
improving cluster separability. Systematic comparisons of PCA,
UMAP and AE-based workflows across diverse cohorts are needed
to identify the most effective and reproducible strategies.

If future studies establish the external validity of these
approaches, they may provide a foundation for integrating dietary
pattern analysis into digital health platforms capable of supporting
personalised dietary guidance and chronic disease prevention. Such
integration would not only enhance the precision and applicability of
dietary pattern analysis but also strengthen the translation of epi-
demiological findings into impactful public health interventions.

This review has several limitations. First, the number of pub-
lished studies applying machine learning-based clustering
approaches in nutritional epidemiology remains limited, par-
ticularly for prospective cohort studies investigating cancer out-
comes. Second, because methodological evaluation metrics and
reporting standards vary considerably across studies, direct

H. Lee et al.

comparison of clustering performance remains challenging. Third,
this review is narrative rather than systematic in nature. Although
we performed structured literature searches for the epidemio-
logical studies summarised in Tables 1 and 2, the broader dis-
cussion was intended to provide a conceptual overview rather than
an exhaustive synthesis of all available evidence. Consequently,
some relevant studies may not have been included. Finally, some of
the methodological advances discussed in this review originate
from the broader data science literature rather than nutritional
epidemiology. Although these approaches offer valuable meth-
odological insights, their applicability to dietary data requires
further validation in diverse nutritional datasets.
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