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H I G H L I G H T S

• Data-driven subgrouping algorithm was trained by multivariate lipoprotein data.

• Four coherent subgroups were identified in two large-scale population-based cohorts.

• Subgroups had characteristic lipoprotein profiles and risk for CHD.

• Apolipoprotein B quartiles stratified CHD risk better than multivariate subgroups.

• Caution on multivariate data-driven subgrouping in risk assessment is warranted.
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A B S T R A C T

Background and aims: Population subgrouping has been suggested as means to improve coronary heart disease
(CHD) risk assessment. We explored here how unsupervised data-driven metabolic subgrouping, based on
comprehensive lipoprotein subclass data, would work in large-scale population cohorts.
Methods: We applied a self-organizing map (SOM) artificial intelligence methodology to define subgroups based
on detailed lipoprotein profiles in a population-based cohort (n = 5789) and utilised the trained SOM in an
independent cohort (n = 7607). We identified four SOM-based subgroups of individuals with distinct lipoprotein
profiles and CHD risk and compared those to univariate subgrouping by apolipoprotein B quartiles.
Results: The SOM-based subgroup with highest concentrations for non-HDL measures had the highest, and the
subgroup with lowest concentrations, the lowest risk for CHD. However, apolipoprotein B quartiles produced
better resolution of risk than the SOM-based subgroups and also striking dose-response behaviour.
Conclusions: These results suggest that the majority of lipoprotein-mediated CHD risk is explained by apolipo-
protein B-containing lipoprotein particles. Therefore, even advanced multivariate subgrouping, with compre-
hensive data on lipoprotein metabolism, may not advance CHD risk assessment.
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data-driven SOM analysis gave invaluable detailed information on how
lipoprotein metabolism, at the subclass level, relates to the risk of CHD.
This kind of information cannot be obtained via univariate analysis and
has biological and potentially translational value, though the results
show that data-driven analysis is not optimal for outcome risk assess-
ment [19].

The subgroup with the highest concentrations for non-HDL particles
(VLDL, IDL and LDL) and for circulating apolipoprotein B represented
the highest risk for CHD. Conversely, the subgroup characterised by the
lowest values for these measures represented the lowest risk. The in-
termediate subgroups with elevated triglycerides and with elevated
cholesterol had substantially different VLDL and LDL subclass profiles,
yet a comparable concentration of apoB and overlapping event curves.
Thus, even though multidimensional and comprehensive data on lipo-
protein subclass profiles were used, the apoB concentrations in the
population subgroups appeared to be directly related to the CHD risk,
even in the presence of major variation in cholesterol and triglyceride
concentrations.

In this context is would be good to note that the circulating apoB
concentrations overlap between all four SOM-based subgroups. This is
obviously in contradiction with the apoB quartiles that by definition are
separate. Our interpretation for the situation is that in the multivariate
SOM analysis, with the equally weighted set of lipoprotein measures,
inclusion of some variables that might not directly (or not as well as
apoB) relate to the incident CHD events, though they markedly vary
between individuals, is likely to diminish the predictive values of the
subgroups. While the multivariate metabolic lipoprotein data on lipo-
protein subclasses is noteworthy in understanding details related to li-
poprotein metabolism, a single good (in this case causal) biomarker is
likely to be more useful from the predictive perspective.

Even though the results regarding the role of apoB as a single pre-
dictive biomarker may not be instinctive from the data analysis point of
view, they are not surprising from the biological perspective and add to
the burgeoning evidence for the fundamental role of apoB-containing
lipoprotein particles in the development of atherosclerosis and in de-
fining the risk for CHD [13–16,20–23].

Particularly Mendelian randomization analyses, using genetic in-
strument in large-scale studies, have played a crucial role in increasing
our knowledge on the key causal molecular players in CHD [24]. A
recent extensive study by Ference at al. [13], comparing the effects of
genetic modification of lowering triglycerides with the lowering of LDL
cholesterol, convincingly showed that the clinical benefit of lowering
triglycerides as well as LDL cholesterol is proportional to the absolute
change in the circulating apoB concentration. Thus, the apoB-con-
taining lipoprotein particles appear to be the key factor, not the lipids
per se transported in these particles. However, the apoB protein mo-
lecule does not circulate without lipids, so if there is an apoB molecule,
there are also lipid molecules, but the apoB seems to the biological
component that defines the way [13–16,20–23].

These results have general implications on data-driven subgrouping
in epidemiology and potential translational applications. SOMs have
been successfully used to identify metabolically different subgroups in
patients with type 1 diabetes and thus to gain deeper understanding of
population diversity and multi-morbidity [1,2,5,6]. However, the risk
prediction for specific clinical endpoints is a separate issue calling for
careful and detailed analysis [19] and should not be conflated with
exploratory studies. Even though individuals can be clustered with
several different methods and on the basis of various metabolic data,
these measures might not be optimal from the risk assessment per-
spective and the subgrouping may thus not provide general clinical
utility. Theoretically, an unsupervised clustering is likely to suffer from
a large number of variables that carry information not related to the
outcome. However, all lipoprotein data used in this work in the SOM
analyses were associated with CHD, and thus we consider this a neg-
ligible phenomenon in this study.

Our results are conceptually consistent with a recent study in which

data-driven cluster analysis was applied in patients with newly diag-
nosed type 2 diabetes [25]. In two type 2 diabetes related trials the
authors applied a previously optimistically presented data-driven po-
pulation subgrouping [3] and compared the clinical utility of this
subgroup-based approach to predicting patient outcomes with an al-
ternative strategy of developing models for each outcome using simple
patient characteristics. Their conclusion was that for the best clinical
utility, approaches using specific phenotypic measures to predict spe-
cific outcomes would most likely perform better than assigning patients
to subgroups [25]. This independent finding supports our results and
interpretation in relation to the data-driven population subgrouping
versus apolipoprotein B in assessing the risk of CHD.

4.1. Conclusion

The results presented here provide evidence to temper some of the
enthusiasm towards multivariable stratification and risk profiling in
epidemiology and potential translational applications. Population sub-
groups with distinct metabolic and risk profiles can be identified but
any incremental clinical utility should be specifically determined by
rigorous testing against the most validated existing markers.
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