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ARTICLE INFO ABSTRACT
Keywords: Medical laboratory services enable precise measurement of thousands of biomolecules and have become an
Genomics inseparable part of high-quality healthcare services, exerting a profound influence on global health outcomes.

Global health
Metabolomics
Nano-omics
Personalized medicine

The integration of omics technologies into laboratory medicine has transformed healthcare, enabling personal-
ized treatments and interventions based on individuals® distinct genetic and metabolic profiles. Interpreting
laboratory data relies on reliable reference values. Presently, population-derived references are used for in-
dividuals, risking misinterpretation due to population heterogeneity, and leading to medical errors. Thus,
personalized references are crucial for precise interpretation of individual laboratory results, and the interpre-
tation of omics data should be based on individualized reference values. We reviewed recent advancements in
personalized laboratory medicine, focusing on personalized omics, and discussed strategies for implementing
personalized statistical approaches in omics technologies to improve global health and concluded that person-
alized statistical algorithms for interpretation of omics data have great potential to enhance global health.
Finally, we demonstrated that the convergence of nanotechnology and omics sciences is transforming person-
alized laboratory medicine by providing unparalleled diagnostic precision and innovative therapeutic strategies.

1. Introduction diagnosing diseases, monitoring individuals’ health status, evaluating
disease prognosis, assessing the effectiveness and side effects of treat-

In the past century, the advancement of medical laboratory services ments, and screening populations for specific diseases etc. and this sit-
has led to significant enhancements in clinical care. These services uation confirms the expression “without diagnostics, medicine is blind”
enable precise measurement of thousands of biomolecules, facilitating [1-3]. Medical laboratories have become an integral component of high-
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interval; HSP, homeostatic set point; CVp, within-person biological variation; CV,, analytical variation; pDL, personalized decision limit; popRC, population-based
relative changes; popDL, population-based decision limit; DC, delta check; RCV, reference change value; prRCV, personalized reference change value; CVry, total
variation; NMR, nuclear magnetic resonance; ctDNA, circulating tumor DNA; CTC, circulating tumor cells; AD, Alzheimer’s disease; MI, myocardial infarction; PET,
positron emission tomography; HF, heart failure.
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quality healthcare services, exerting a profound influence on global
health outcomes. In addition to their direct influence on healthcare
systems, data derived from medical laboratories have been utilized for
numerous purposes related to healthcare systems. These include con-
tributions to epidemiological research, informing the selection of
optimal strategies for public health interventions, facilitating judicious
allocation of healthcare resources, and aiding in the formulation of
evidence-based healthcare policies etc. and thus medical laboratories
have been considered as a key factor in global health security [2,4,5].

In the last three decades, healthcare and medicine have effectively
incorporated measurement technologies from diverse fields, especially
physics. This fusion has not only expanded the scope of analytical
methods available to medical practitioners but has also markedly
improved the precision and effectiveness of diagnostic procedures. By
harnessing the principles and instruments developed in physics,
healthcare professionals can now offer more accurate diagnoses, tailor
treatments more closely to individual needs, and monitor patient out-
comes with unprecedented detail. This interdisciplinary approach has
paved the way for innovations in medical imaging, laboratory analysis,
and patient care, illustrating a profound shift in how medical science
leverages technology to enhance patient outcomes and overall health.
Notably, the adoption of one instrument, “mass spectrometry” (MS) has
been pivotal, enabling the detection of thousands different molecules
within a single run [6]. Historically, MS has been instrumental in the
scientific revolution. A century ago, it played a crucial role in eluci-
dating the structure of atoms, leading to groundbreaking advancements
in physics and technology during the twentieth century. At the onset of
the twenty-first century, this same instrument emerged as a pivotal tool
in medicine and biology, facilitating groundbreaking developments in
these fields. With omics technologies particularly using MS, thousands
of molecules can be detected in a single sample taken from an individual.
The utilization of multiple molecules from a single sample enhances the
accuracy of disease diagnosis decisions. However, utilizing multiple
molecules from a single sample for accurate diagnosis is challenging; it
can cause misinterpretation of data. To avoid this, new personalized
decision-making tools based on individuals’ own data obtained from
multiple analytes using personalized statistical algorithms are essential.
Precision diagnosis and monitoring can be achieved by accurate inter-
pretation of serial omics data.

Interpretation of laboratory data is a comparative procedure and
requires reliable reference values for both healthy individuals and pa-
tients. Currently, references used for decision-making in medical prac-
tice frequently rely on data derived from population studies. But the
medical decisions based on population references are typically made for
individuals [7]. However, due to the heterogeneous nature of the pop-
ulation, the laboratory data of individuals can be misinterpreted, lead-
ing to medical errors in some cases.

The references derived from population data are mostly based on the
statistical distribution of measurement results of samples collected from
the population [8]. Consequently, it is assumed that if the measurement
results of the samples taken from an individual fall within the predefined
limits (such as the central 95 % of the population data), such results can
be considered normal. In other words, in current medical practice the
individual is considered as a member of the population rather than an
individual with specific characteristics. Consequently, treatments are
standardized based on population data rather than tailored to each
person’s specific needs.

Although individuals are members of the population, and even the
population exhibits statistical homogeneity, this does not negate the
presence of differences among individuals within a statistically ho-
mogenous population. As stated by ancient Greek philosopher, Hippo-
crates “Every human is distinct, and this affects both the disease prediction
and the treatment” [9,10]. This can be observed clearly from biological
variation (BV) studies of the analytes. Each analyte exhibits random BVs,
comprised of two main components: within-subject BV (CVj), which
represents fluctuations around a set point within an individual, and
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between-subject BV (CVg), which reflects variations observed among
the set points of different individuals. The ratio of CVyto CVg is known as
the index of individuality (II) which reflects the individuality of the
analytes. It is accepted that if the II of an analyte is lower than 0.6 then
this analyte has a marked individuality [11]. From the European
Federation of Clinical Chemistry and Laboratory Medicine (EFLM) BV
Database [12], it is well known that the II for the majority of analytes is
lower than 0.6. The Il serves as a good example, demonstrating that even
within statistically homogenous groups, marked individuality for
certain analytes may be present and therefore it is important to distin-
guish between statistical homogeneity and metabolic homogeneity, as
these concepts are not synonymous. Consequently, it can be concluded
that no two individuals on our planet are identical. Due to differences
observed among individuals, it is essential to utilize personalized
reference values when interpreting laboratory data for each person
accurately.

In this manuscript, we aim to review (i) recent developments in
personalized laboratory medicine, particularly interpretation of
personalized laboratory data, (ii) personalized omics, specifically ge-
nomics, metabolomics and proteomics, and (iii) how to implement these
novel statistical approaches and omics technologies to enhance global
health.

2. Interpreting individuals’ laboratory data: essential tools and
strategies

Production and interpretation of laboratory data, also known as the
total testing process, is a complex procedure and must be handled in a
systematic way. The total testing process comprises five main steps
detailed by Lundberg et al. [13-15] (Fig. 1). These steps encompass the
pre-pre-analytical phase, involving laboratory test ordering by physi-
cians, followed by the pre-analytical phase, which encompasses patient
and sample preparation. Subsequently, the analytical phase involves the
measurement of samples, while the post-analytical phase focuses on
reporting laboratory data using appropriate units and reference in-
tervals. Finally, the post-post-analytical phase involves the interpreta-
tion of laboratory data by physicians to facilitate clinical decision-
making [13,14,16]. Accurate production and interpretation of labora-
tory data require that each phase in the total testing process cycle be
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Fig. 1. The total testing process. It consists of five main steps and is influenced
by the brain-to-brain loop concept proposed by Lundberg [15,21].
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managed correctly. Otherwise, medical errors originated from labora-
tory data are inevitable. It has been shown that misinterpretation of
laboratory data is the second largest error rate related to laboratory data
[14,17-20]. Therefore, interpretation of laboratory data accurately is
crucial for decreasing medical errors and increasing patient safety.
Interpretation of laboratory data is a comparative procedure which re-
quires reliable reference data such as reference intervals (RI), decision
limits (DL) or action limits (AL).

In human metabolism the concentration/activity of analytes is under
the control of hormonal mechanisms or other numerous physiological
factors. Thus, the concentration/activity of the analytes fluctuate within
an interval. This variability influences the interpretation of laboratory
data, leading to the preference for using intervals rather than strict cut-
off values, especially for healthy individuals. It should be noted that the
measurement result of an analyte outside the RI can be considered as an
abnormal value but not a diagnostic indicator for a certain disease.
Usually, for laboratory data there is a grey zone between abnormal and
diagnostic value. Hence, for the diagnosis of the diseases, using intervals
and even reference intervals are not usually appropriate, and a DL is
necessary for the diagnosis of the diseases.

The accurate diagnosis of diseases constitutes the initial crucial step
toward effective treatment. However, in certain instances, treatment
may be initiated based on analyte concentration/activity exceeding or
falling below the decision limit by a defined degree, referred to as an AL.
Taken together, if the elevated analyte level indicates pathology, we can
assert that RI (UL) < DL < AL. Conversely, if lower analyte levels indi-
cate pathology, then RI (LL) > DL > AL (Fig. 2).

Currently laboratory data are interpreted using RIs based on popu-
lation data. Briefly, population-based RIs (popRIs) are estimated using
measurement results of the analyte obtained from single samples taken
from at least 120 reference individuals following Clinical and Labora-
tory Standard Institute guideline (CLSI EP28-A3C) [8]. The measure-
ment results are ranked from the lowest to the highest, and the central
95 % of the measurement results are accepted as the RI. In other words,
the lower and upper limits of Rls are estimated from the lowest 2.5 %
and highest 97.5 % of the data from reference individuals.

An important dilemma arises when the popRI of an analyte is derived
from population data but is applied to make decisions for individual
patients [7]. Utilizing a population-derived interval as a “reference” for
individual decision-making is inappropriate and can lead to

Reference Interval
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misinterpretation of laboratory data. Therefore, accurately interpreta-
tion of laboratory data should be based on individuals own data, i.e. RI
for an individual’s analytes should be estimated using his/her own data,
rather than data obtained from the population (Fig. 3). This situation
highlights the need for the development of novel statistical algorithms
designed to estimate personalized reference intervals (prRI) based on
individuals’ own data. Recently, we applied a statistical tool typically
used for estimating “prediction intervals” (PI) to derive prRIs [22-24].

2.1. Personalized reference intervals

PrRIs are estimated by analyzing measurement results from repeated
samplings taken from individuals when they are in apparent good
health. As briefly mentioned above, it is accepted that the concentra-
tion/activity of an analyte fluctuates around a homeostatic set point
(HSP) and the upper and lower limits of the fluctuation determine the UL
and LL of prRIs (Fig. 3). The UL and LL of the prRI can be estimated using
the mathematics of PI [22]. It’s worth noting that in statistics, estimating
the PI for a dataset is a complex process, with various approaches
employed based on the type of available data and the interval for the
future parameters of interest. The prRI of an analyte can be expressed
using to following general formula:

prRI = f(S,) £ f(R) +e @

where f(Sy) is the time dependent set point of the RI, f(R) is the random
biological variation and e is the measurement error. f(Sy) is under the
influence of lifelong physiological variations including ultradian,
circadian and infradian rhythms [25]. Not all these rhythms or varia-
tions equally impact the concentration/activity of the analytes. The type
of dominant physiological rhythm varies depending on the analytes
involved [26]. For instance, ultradian rhythms, characterized by within-
day variations, predominantly govern episodic hormonal secretion [27].
Conversely, circadian rhythms exhibit dominance in regulating daily
serum melatonin [28] and cortisol levels [29] and infradian rhythms,
spanning monthly or seasonal cycles, is dominant over gonadotropic
hormones [30], vitamin D and calcium levels [31,32]. Therefore,
caution should be paid when determining the set point for each analyte
in establishing its prRI. There are two primary methods for determining
the HSP for an analyte: constant HSP and varying HSP [25]. Using
constant HSP is the pragmatic way and provide a very easy calculation
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Fig. 2. Reference interval (RI), decision limit (DL) and action limit (AL).

In the Figure, the elevated analyte level indicates pathology, therefore RI (UL) < DL < AL. Conversely, if lower analyte levels indicate pathology, then RI (LL) > DL

> AL.
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Fig. 3. Population (A) and personalized (B) reference intervals. Population based reference intervals does not represent individuals reference intervals.

Created with BioRender.com.

method for prRIs [22]. It’s important to note that the HSP is subject to
physiological variations. To mitigate this, samples should be collected at
consistent times of day for ultradian variations and at consistent times of
months or seasons for infradian variations. In other words, if samples are
collected randomly throughout days or months, the HSP of the analytes
will vary significantly, affecting the accuracy of calculated prRIs.
Typically, samples for popRIs are collected in the morning time (usually
from 08:00 am to 12:00 am), reducing the impact of ultradian variations
on HSP. However, this doesn’t mitigate the influence of infradian vari-
ations on HSP.

The second approach involves utilizing varying HSPs to calculate
prRIs for analytes. While scientifically robust, this method is complex,
requiring intricate mathematical equations and a deep understanding of
the variation patterns for each analyte [25]. Despite the availability of
robust mathematical algorithms like the Cosiner model [33] for calcu-
lating HSPs in time-dependent functions, there’s a scarcity of informa-
tion regarding the physiological rhythms and particularly the ultradian
and infradian rhythms of many analytes commonly used in daily clinical
practice for diagnosing and monitoring diseases. This shows the neces-
sity for intensive studies to determine the patterns of physiological
rhythms for the common analytes measured in clinical laboratories.

Taken together it is a pragmatic way to use constant HSP for most of
measurands to estimate the prRIs. For certain analytes like melatonin,
cortisol, vitamin D, calcium, etc., whose ultradian or infradian varia-
tions are well-understood, it’s feasible to calculate different reference
intervals for morning and evening, or for winter and summer seasons to
mitigate the influence of variation on the HSP of the analytes [25].

As shown in Eq. 1, the general equation of prRI is very simple and has
only two main components: Set point and the variation around the set
point. Despite its simplicity, estimating prRI can be challenging, espe-
cially when preferring a nonstationary model. However, pragmatically,
using the homeostatic model (stationary) is advisable. Because extensive
study is essential before implementing the nonstationary model in daily
practice.

PrRI based on homeostatic model have been extensively analyzed by
our group [22-24,34,35] and briefly can be modified from Eq. 1 as
follow:

4

prRI = HSP + TV, (2)

HSP:X1+X2+X3+'“+X" 3
n

TVser = k % /SD}p + SD (€]

where HSP is the arithmetic mean of the individual’s repeated mea-
surement results, n; represents the result of the nth repeated measure-
ment, where n denotes the number of repeated measurements, k is a
coverage factor, and its value depends on the statistical model used to
estimate the prRI of the analytes. SDp/; is the within-subject/person BV
and SD, is analytical variation.

In the TVset equation (Eq. 4) the critical parameter is the BV
component, and it can be either within-subject (SDy) or within-person
BV (SDp). Reliable BV data is essential to estimate reliable prRI. To
achieve this, the EFLM BV Working Group and Task Group continually
update the BV of several laboratory parameters [36-39], harmonize
meta-analyses of published data related to BV [40-44], and launched
ongoing BV databases [12].

Although SD; and SDp denote the same parameter, i.e. the fluctuation
around the set point, in practice they are different. SD; is derived from
the repeated measurement results of a group of individuals, whereas SDp
is directly obtained from the repeated sampling measurements taken at
different times from a single individual. Therefore, it can be concluded
that while SDj represents the population variation around a set point,
SDp represents the fluctuation of the analytes around individual’s own
set point. It is recommended that SDp should be utilized to estimate the
TVset. However, the limited number of repeated samplings for an in-
dividual is the limiting factor for deriving reliable SDp.

An alternative approach proposed by Pusparum et al. utilizes non-
parametric methods to estimate the prRI of omics data [45-47]. These
methods make use of the concept of quantile function in longitudinal
data, requiring only short time series data of one individual as well as
her/his peers. A penalization procedure is proposed, allowing them not
to require strong distributional assumptions. Using these methods, both
the within and between subject variations as well as the lower and the
upper limits or prRI are estimated using all available data.
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It should be noted that Rls, either popRI or prRI are not usually
adequate to make accurate diagnosis of diseases. Because the measure-
ment result outside of the RI does not always indicate the presence of
diseases. As mentioned above, indeed, it can be speculated that the
measurement results falling the outside of the RI indicate the abnor-
mality but for the diagnosis of the diseases we need a new limit which is
known as DL.

2.2. Personalized decision limits

Ensuring reliable DLs is as crucial as ensuring reliable RIs and similar
to prRIs, the DLs also should be personalized [25]. Otherwise, using prRI
with population based DLs can cause misinterpretation of laboratory
data and consequently misdiagnosis of diseases. The estimating of DL is
based on the data of diseased individuals [48] and therefore deriving
personalized DL (prDL) is not an easy task. Either PopRI or PrRI of a
group of tests can be estimated using the measurement results of samples
taken from healthy individuals. When determining the RI, there are no
restrictions on the number of different analytes to be measured, given
that the collected samples are suitable. Conversely, the situation for DLs
is entirely distinct [48]. For each analyte, samples should be obtained
from individuals with specific diseases related to the analyte, wherein
the analyte holds clinical significance with respect to the diseases. Thus,
for one analyte, there exists a single RI but multiple DLs. Establishing
DLs for a population is relatively straightforward because various in-
dividuals with different diseases are present. However, determining
prDLs directly is challenging and often impractical or even impossible
due to the complexity of estimating DLs for different clinical situations
related to an analyte. This difficulty arises because each individual
would require the presence of different diseases for each analyte, which
is not feasible for hundreds of analytes. Despite these difficulties, it does
not mean that prDLs cannot be estimated. Although direct estimation is
not feasible, indirect estimation can be accomplished through simula-
tion studies.

The indirect prDL can be estimated using the following two steps
procedure: In the first step, calculate the population-based relative
changes (popRCpy,) for DL from the limit of the popRIs to the population-
based DL (popDL) as shown below:

popRCp,;, = %)

Lpoprt — popDL'
LpopRI

where Lyopri is the limit of the popRI. If the higher level of the analyte is
clinically significant, then L is the UL of the RI. Conversely, if the lower
level of the analyte is clinically significant, then L is the LL of the
analyte.

In the second step, the prDL of an analyte can be indirectly estimated
by multiplying the limits of the prRI of the analyte with the popRCpy, as
outlined in the following equation.

PrDL = Lysy = Ly X poPRCpy = Lyegy (1 = popRCyy;) ©)

It should be noted that Egs. 5 and 6 are adapted from popDLs, and
therefore, clinical studies that cover long-term monitoring of individuals
are essential for the validation of these equations.

Despite various challenges associated with estimating reliable prDLs,
it can be speculated that for an individual, prDLs might be more effective
than popDLs. This is because it is illogical to assume that a single DL
which is derived from the population data is suitable for diagnosing
diseases in different individuals. There is ample evidence that variations
and set points of the analytes are not uniform but vary depending on the
individuals.

2.3. Personalized action limits

Using the RIs and DLs, physicians can distinguish the data of healthy
individuals and diagnose diseases as described above. However, if a
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patient’s laboratory measurement result for an analyte is higher than the
DL, this may not necessitate the initiation of treatment. Therefore,
physicians may need new a limit to initiate treatment, known as action
limit (AL). Estimating ALs is based on population data, and an algorithm
similar to that used for DLs can be employed to estimate personalized
ALs (prALs), as described below.

Similar to prDL, an indirect approach can be used to estimate the
prAL using the following two steps procedure:

In the first step, calculate the population-based relative changes for
AL (popRCar) from the limit of the popDL to the population-based AL
(popAL) as shown below:

POPRCy;, = )

popDL — popAL
popDL

In the second step, the prAL of an analyte can be indirectly estimated
by multiplying the prDL of the analyte with the popRCay, as outlined in
the following equation.

prAL = prDL =+ prDL x popRC,; = prDL x (1 & popRC,;) (€)]

It should be noted that, similar to popDLs, popALs are derived from
population data. Therefore, clinical studies, including personalized
pharmacogenomics, might be essential for the validation of prALs,
which can be challenging.

2.4. Personalized reference change value

Laboratory data plays a crucial role in monitoring the health statuses
of both healthy individuals and patients. To effectively utilize laboratory
data for this purpose, it is necessary to employ statistical algorithms to
analyze the longitudinal data analysis. These algorithms must account
for all types of physiological variations associated with the analyte, as
well as variations stemming from the measurement procedure.

In monitoring procedure, the difference between measurement re-
sults of serial samples taken from the individual is important [49]. This
can be evaluated by the equation of delta check (DC) as given below.

DC = Xi — Xj (9)

where x; and x; are the ith and jth measurement results. It should be
noted that both ith and jth are not strictly fixed and each of them con-
tains a degree of variation originating from BV and analytical variations.
The total variation of two measurement results is known as reference
change value (RCV) and formulated as given below [50,51]:

RCV =z x V2 x {/SD? + SD? (10)
where z is 1.96, which represents the coverage factor for a 95 % prob-
ability in the standard normal distribution.

Eq. 10 represents the classical RCV equation, which calculates the
total analytical and BV of two single measurement results. Therefore, if
the difference between the measurement results of two samples taken at
different times, i.e. DC is less than the calculated RCV, this difference is
considered insignificant, as it falls within the natural biological and
analytical variations. Conversely, if the DC exceeds the calculated RCV,
it should be deemed significant, as it cannot be attributed solely to the
inherent biological and analytical variability of the analytes. Note that,
Eq. 10 proposes a monitoring approach grounded in objective criteria
rather than the personal experiences of clinicians. However, this
approach comes with its own set of limitations.

There are 2 main limitations for conventional RCV equation as
detailed below. The first limitation is that the BV component of con-
ventional RCV equation is derived from healthy individuals. Therefore,
it is not rational to use Eq. 10 for monitoring individuals with diseases
related to the analytes being monitored. Despite the limited data
available, based on the published data in the literature, we can speculate
that the BV of the analyte in diseased subjects are higher than that of the
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analytes in healthy individuals [52]. It can be concluded that using
conventional RCV equation in patient monitoring can give false alarm at
least in some cases regarding significant changes in serial
measurements.

The second important limitation of the conventional RCV equation is
that it is based on population rather than personalized data. The SD; in
the equation is derived from the serial measurement of a group of in-
dividuals. Although SDj implies the within-subject BV, indeed it is not
individual specific, and it is estimated from the pooled SDs of a group of
individuals SDs.

Taken together it can be concluded that just as the popRI fails to
accurately represent individuals for disease diagnosis, the conventional
RCV equation falls short in representing individuals during the moni-
toring of diseases. To overcome this problem, the conventional RCV
equation should be personalized, i.e. its BV component should be
derived from individuals’ own rather than population data [53]. The
personalized RCV (prRCV) equation can be written as given below:
prRCV = t, x V2 x 1/SD2 + SD? a1
where t, is the T table value for n — 1 degrees of freedom, SDp is the
within-person BV, SD, is the analytical variation. In a routine practice
SD4 is calculated separately and combined with other parameters such
as SDp or SDj to calculate the total variation, i.e. SDr.

SDZ = SD2 + SD3 12)

Using Eq. 12, the Eq. 11 can be simplified further as follow:

prRCV = t, x V2 x 1/SD2 13)

Eq. 13 provides a very simple way to calculate prRCV. It is not
rational to separate SDp from SDt to obtain SDp and then combine SDp
with SDp to obtain SDt again. Instead of this nonsense cycle, SDt can be
directly calculated using individuals repeated measurements. The RCV
based on Eq. 13 is personalized and reflects individualized own changes
during monitoring of the health statues and diseases for the individuals.

The prRCV calculated based on Eq. 13 involves a T distribution,
whereas a non-parametric approach that does not rely on distributional
assumptions for estimating prRCV has recently been introduced [54,55].
The method requires only a relatively short time series from multiple
subjects. Both the variation within and between subjects are included in
the model, and all model parameters can be directly estimated from the
data. A penalization procedure is employed where the penalty param-
eters are calibrated and optimized such that they result in prRCV with
good accuracy.

While current medical practice relies on analyzing individual ana-
lytes for diagnosing and monitoring diseases and other medical condi-
tions, there’s a paradigm shift underway. Omics data are gradually
becoming increasingly important in medical practice particularly in
personalized medicine. It’s worth noting that the statistical principles
employed to estimate RI, DL, and AL can also be applied to estimate
these parameters for Omics data. However, because of the population’s
heterogeneity and the high-dimensional nature of omics data, esti-
mating these parameters for the population poses a challenge. Despite
the challenges encountered in establishing reference values for omics
data within populations, it is relatively easier to estimate reference
values for individuals when compared to the population. This is because
there are limited repeated measurements for each individual.

It should be noted that for the current practice, personalized algo-
rithms such as prRI, prDL, prRCV, and prAL should be used as comple-
mentary references in interpreting an individual’s laboratory data
alongside with their population counterparts, rather than separately. In
other words, a two-line procedure can be used for accurate diagnosis and
monitoring of diseases: the first line can be population-based references,
and the second line can be personalized references.
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2.5. Integrating of personalized references

Instead of using some references from population-based data and
others from individualized data, integrating personalized references can
enhance the accuracy of diagnosis, monitoring, and initiation of treat-
ment. In this model, the individual is the center of algorithms, and all
parameters are based on the individual’s own data. A sequential algo-
rithm should be used as detailed below.

In the first step, at least 5 repeated measurement results for an an-
alyte should be collected, and prRI and prRCV should be estimated using
these repeated measurements. In the second step, prDL can be estimated
from prRI, and if necessary, prAL can be estimated from the estimated
prDL of the individual for the given analyte. Additionally, during stable
periods of the disease, repeated measurement results can be collected to
estimate prRCV for monitoring diseases related to the analytes.

Integrating individualized references also provides the opportunity
to evaluate the correct biomarker in the appropriate equation. For
example, diagnostic biomarkers should be used in the prDL equation,
while prognostic biomolecules should be used in the prRCV equation.

2.6. Individualized algorithms based on small sample size

In human metabolism, biomolecules are influenced by physiological
variations. Detailed information on these variations affecting the con-
centration/activity of biomolecules can be found in [25]. Due to
inherent variations in biomolecules, their concentration/activity pat-
terns over time exhibit curves rather than linear trends. Accurate bio-
logical models require extensive data obtained from samples collected at
various times of the day, across different months, and throughout sea-
sons. This variability introduces challenges in correctly estimating the
concentration/activity patterns of biomolecules. Furthermore, collect-
ing extensive data is not realistic for individual laboratory measurands.
Therefore, linear algorithms based on small sample sizes can be
preferred for interpreting individualized laboratory data. In such cases,
biological samples are usually taken at the same time of day to minimize
the effects of other rhythmic variations.

A simple linear model can accurately predict trends, especially when
there is insufficient data to create a more complex non-linear model. In
other words, a linear model, being simpler, is often preferred when there
is insufficient data to justify the complexity of a non-linear model.
However, this is not a universal rule because if the correct relationship
between variables is highly non-linear, a linear model may not detect
important patterns, leading to poor predictive performance. Therefore,
after creating a linear model, it is essential to analyze the differences
between observed and predicted values to determine if the linear model
is appropriate.

3. Omics and personalized laboratory medicine

Omics data, derived from the advancing field of omics technologies,
are distinguished by their vastness, complexity, and high dimensionality
[56-59]. These data include detailed information on biological mole-
cules—genes, transcripts, proteins, and metabolites—present within an
organism or a specific biological sample [60]. Omics data exhibit sig-
nificant inter-individual and temporal variability, highlighting the
unique biological makeup of each person and the dynamic nature of
biological processes over time [61].

The integration of omics technologies into laboratory medicine has
marked a pivotal shift toward the personalization of healthcare, where
treatments and interventions are tailored to the individual’s unique
genetic and metabolic profile [62,63]. While it is true that omics tech-
nologies such as metabolomics and proteomics are not yet widely used
in routine clinical practice, there are significant ongoing experimental
efforts. For example, research is actively exploring how these profiles
can be leveraged to tailor treatments and interventions, with promising
preliminary results indicating the potential for future clinical
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integration [64]. Omics disciplines offer unparalleled insights into the
molecular underpinnings of individual health and disease. These tech-
nologies enable the precise characterization of biological samples at the
molecular level, facilitating personalized diagnostic, prognostic, and
therapeutic strategies (Fig. 4). By analyzing the comprehensive datasets
generated by omics studies, healthcare professionals can tailor in-
terventions to individual patient’s unique genetic and metabolic pro-
files, significantly improving treatment outcomes.

The applications of omics can already be seen in various diseases,
particularly in cancer and neurodegenerative diseases. Together with
their characteristics, we explain the current applications and future
potentials of omics data in personalized laboratory medicine.

3.1. Genomics

Genomics, focuses on the analysis of the complete set of deoxy-
ribonucleic acid (DNA), where the variability among individuals is vast.
Millions of genetic variants differentiate any pair of individuals. This
genetic diversity forms the foundation of personalized medicine but
poses significant hurdles in interpreting genetic information. Progress in
bioinformatics has played a vital role in analyzing and understanding
this data, identifying clinically relevant variants out of the vast array of
genetic diversity [65].

Cancer is the second leading cause of death globally, following car-
diovascular diseases, and poses a significant challenge to global health
[66,67]. In cancer, genomic sequencing of tumors has revolutionized
oncology, enabling the identification of specific mutations driving can-
cer progression. For example, detecting the BRCA1 and BRCA2 gene
mutations has not only facilitated the early diagnosis of breast and
ovarian cancers [68,69] but also guided targeted therapies, such as
PARP inhibitors, improving patient outcomes [70,71]. In addition,
whole-genome sequencing can diagnose rare genetic disorders by
identifying causative mutations in a single test, a significant advance-
ment over traditional sequential gene testing [72,73]. This advancement
accelerates diagnosis and aids in selecting appropriate treatments,
improving the quality of life for affected individuals. Looking forward,
genomics holds the potential to further personalize treatments, predict
disease susceptibility, and enable the development of new gene-editing
technologies, revolutionizing preventive and therapeutic strategies in
medicine [74].
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3.2. Metabolomics

Metabolomics provides a snapshot of the metabolic processes
occurring at a specific point in time by analyzing the complete set of
small molecule metabolites. Genetic factors, lifestyle, diet, microbiome
composition, and environmental exposures influence inter-individual
variability in metabolomics [75]. This results in highly individualized
metabolic profiles. MS and nuclear magnetic resonance (NMR) spec-
troscopy are the primary technologies used in metabolomics. These
techniques require significant expertise and sophisticated equipment to
accurately quantify the wide array of metabolites present in biological
samples.

In neurodegenerative diseases like Alzheimer’s, which are rising
globally alongside the increasing aging population [76], metabolomics
have uncovered alterations in specific metabolic pathways, including
those involved in lipid metabolism and mitochondrial function [77].
These discoveries offer novel targets for therapeutic intervention and
biomarkers for early detection and monitoring of disease progression.
Metabolomics has also contributed to understanding host-pathogen in-
teractions by profiling the metabolic changes induced by infections such
as COVID-19 [78]. Identifying these metabolic signatures can help
predict disease severity and guide treatment decisions. Metabolomics
holds the potential to revolutionize personalized medicine by enabling
precise and individualized treatment strategies based on a patient’s
unique metabolic profile [79]. Additionally, advancements in metab-
olomic technologies could lead to the development of more accurate and
non-invasive diagnostic tools [80].

3.3. Proteomics

Proteomics, the large-scale study of proteins, their structures, and
functions from a biological perspective, is essential for understanding
the functional state of cells, tissues, and organisms. Unlike genomics,
which provides information about the potential for disease, proteomics
offers direct insights into biological processes and disease mechanisms.
Techniques such as mass spectrometry (MS) and high-throughput,
highly specific protein quantification using proximity extension assays
are central to proteomics research. The complexity and dynamic nature
of the proteome, which varies with time and environmental conditions,
present both opportunities and challenges in clinical applications.
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In clinical applications, proteomics technology has significantly
advanced our understanding of cancer biology. For instance, the
detection of prostate-specific antigen (PSA) is used for screening and
monitoring prostate cancer; elevated PSA levels can indicate the pres-
ence of prostate cancer, prompting further diagnostic procedures and
treatment planning [81]. Beyond cancer, proteomics also holds poten-
tials for identifying biomarkers for a variety of diseases, enabling earlier
and more accurate diagnoses [81,82]. It can also aid in the development
of personalized medicine by identifying specific protein expressions
related to individual patient responses to treatments [83]. The ability to
analyze the dynamic and complex nature of the proteome in real-time
also allows for better understanding of disease progression and
response to treatment, ultimately improving patient outcomes.

The future of omics in clinical healthcare is promising, with appli-
cations extending beyond current examples. As omics technologies
becoming more accessible and cost-effective, their integration into
routine clinical practice is expected to increase. This shift from a one-
size-fits-all approach to personalized medicine optimizes patient care
based on individual molecular profiles, improving outcomes and
healthcare efficiency. High-throughput sequencing and analytical plat-
forms, along with bioinformatic tools and artificial intelligence, enable
the generation and interpretation of omics data on an unprecedented
scale. However, challenges remain in integrating diverse omics data and
translating it into clinical practice [84,85].

4. Characteristics of omics data

Omics data are distinguished by their vastness, complexity, and high
dimensionality [56-59]. This data encompasses detailed information on
biological molecules—genes, transcripts, proteins, and metabo-
lites—present within an organism or a specific biological sample [60]. A
comprehensive list for omics data would be impossible due to the
continuous evolution of omics technologies [56]. Significant inter-
individual variability and temporal variability are present in omics
data, reflecting the unique biological makeup of each individual and the
dynamic nature of biological processes over time [61].

Both genomics and metabolomics rely on cutting-edge technologies
that are rapidly evolving. The development of high-throughput
sequencing and analytical platforms has enabled the generation of
omics data on an unprecedented scale. Bioinformatic tools and artificial
intelligence are increasingly used to manage and interpret this data,
identifying patterns and correlations that were previously unattainable
[84]. Despite these advancements, challenges remain, particularly in
integrating omics data from different sources and translating this
knowledge into clinical practice [85].

The application of omics technologies in personalized medicine is
both promising and challenging. The inter-individual and temporal
variability inherent in omics data requires sophisticated technologies
and substantial financial investment for accurate analysis. While costs
have decreased significantly, making these technologies more acces-
sible, the field continues to evolve rapidly, demanding ongoing invest-
ment in technology and expertise to fully realize the potential of omics
in personalized healthcare.

4.1. Omics data and diagnosis of diseases

The diagnostic potential of omics data lies in its ability to identify
unique molecular signatures associated with specific diseases. Genomic
data can reveal genetic predispositions and mutations that increase the
risk of developing certain conditions, such as cancer, cardiovascular
diseases, and genetic disorders. Metabolomics, on the other hand, can
detect subtle changes in metabolite levels that reflect early disease states
or responses to treatment. Proteomics further enhances this diagnostic
capability by analyzing the protein expressions and modifications that
occur in disease states, providing insight into the functional mechanisms
underlying various conditions. By integrating these omics datasets,
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clinicians can achieve a more comprehensive and accurate diagnosis,
often before clinical symptoms manifest [85]. This early detection is
crucial for conditions where early intervention can drastically alter the
disease course and improve patient outcomes.

The application of omics technologies-specifically genomics and
metabolomics—plays a crucial role in every phase of the disease tra-
jectory. In the early onset, for example, genomic analyses from liquid
biopsies can detect circulating tumour DNA (ctDNA) in blood [86]. The
method offers a non-invasive method to identify cancer at an early stage,
often before symptoms appear. Studies have shown that ctDNA can be
used for the early detection of lung cancer in high-risk individuals,
allowing for earlier intervention and significantly improved survival
rates [87-89]. Genomics analyses are also particularly valuable in
diagnosing rare genetic disorders, where traditional diagnostic path-
ways can be lengthy and complex [72]. Whole-exome sequencing (WES)
or whole-genome sequencing (WGS) can rapidly identify causative
mutations, significantly reducing the diagnostic odyssey for patients and
families.

Metabolomics has shown promise in identifying early metabolic
changes associated with neurodegenerative diseases like Alzheimer’s
disease (AD) before clinical symptoms manifest [90,91]. Specific cere-
brospinal fluid metabolites are considered the best candidates for AD
diagnosis, namely the amyloid-§ and the Tau protein. Proteomics tech-
nology has identified several candidate protein biomarkers for AD.
These include apolipoprotein E, complement factor H, and various
synaptic proteins, which can provide deeper insights into the disease’s
pathogenesis and offer potential targets for early therapeutic interven-
tion [92]. Additionally, several candidate biomarkers from liquid
chromatography-mass spectrometry (LC-MS) metabolomics data, such
as uridine, cortisol, and cysteine, can indicate the onset of pathologic
processes, potentially allowing for early therapeutic intervention aimed
at slowing disease progression [93]. The integration of prRIs into the
analysis of omics data, particularly to these potential biomarkers, rep-
resents a significant advancement in the personalized diagnosis of dis-
eases [46,47]. PrRIs of these metabolites and proteins can significantly
improve the early detection of various diseases, enabling preventative
measures or early treatment to mitigate disease progression. For
example, prRIs can be implemented in metabolomics for metabolites
associated with the risk of diabetes and cardiovascular diseases, such as
lipid profiles or markers of inflammation, offering a more precise
baseline for interpreting the measured compounds [47].

Recent advancements in genomics have identified several genetic
variants associated with an increased risk of AD, such as APP (Amyloid
precursor protein), PSEN1 (Presenilin 1), and PSEN2 (Presenilin 2) [77].
In the future, integrating the genetic factors with potential metabolites
and protein biomarkers to establish prRIs could enable a more nuanced
assessment of AD risk. This personalized approach could inform early
intervention strategies, such as lifestyle modifications or pharmacolog-
ical treatments to delay onset or progression.

4.2. Omics data for disease monitoring and screening

Beyond diagnosis, omics technologies play a vital role in monitoring
disease progression and response to treatment. Omics analyses can track
changes in patients’ genomic and molecular landscapes over time, of-
fering insights into the disease trajectory and the efficacy of therapeutic
interventions and the information on safety with reference to side effects
to certain medications. For instance, genomics can be used for screening
drug-resistant mutations in cancer, guiding adjustments in therapy to
circumvent resistance mechanisms [94]. Metabolomics can assess the
impact of treatment on metabolic pathways, identifying metabolic
markers of response or toxicity [62]. Proteomics adds another layer by
evaluating the expression and modification of proteins in response to
treatment, which can reveal the molecular mechanisms of drug action
and resistance [95]. This real-time monitoring enables a dynamic,
personalized approach to treatment, where therapies can be adjusted
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based on the patient’s molecular response, leading to optimized out-
comes, and minimized adverse effects. The role of prRCV is also
apparent in enhancing these applications.

In cardiovascular diseases, which is the foremost global cause of
mortality and a paramount global health concern [96], monitoring of
genomic and metabolomic markers can guide lifestyle and treatment
adjustments. Metabolomics has been used to identify biomarkers asso-
ciated with the progression of atherosclerosis, such as choline, betaine,
and microbiota-generated metabolite trimethylamine N-oxide (TMAO)
[64,97,98]. Monitoring changes in these plasma metabolites, primarily
derived from meat and phospholipids in the diet, can help assess the
effectiveness of lifestyle interventions or statin therapy. Choline and
betaine are compounds that play an essential role in metabolism, and
they can fluctuate over time due to aging, seasonal changes, dietary
intake, and other physiological factors such as physical activities and
stress levels [98,99]. Studies also report the presence of intra-individual
variability and high values of intra-class correlation in choline and
betaine, suggesting more personalized ways in interpreting their mea-
surements [100,101]. PrRIs and prRCV of these metabolites, taking into
account these variabilities as well as individuals’ baseline metabolic
profiles, could significantly enhance the precision of such interpretation
and monitoring, allowing for early identification of suboptimal re-
sponses to treatment and timely adjustments.

In cancer patients, employing personal genomics approaches is
critical in monitoring cancer recurrence and treatment response. For
instance, the analysis of ctDNA levels can provide an early indication of
tumor recurrence or metastasis [86]. Furthermore, metabolomics can
offer insights into the metabolic response to chemotherapy, predicting
treatment success or failure. By studying metabolomic profiles over
time, researchers can potentially predict treatment success or failure and
personalize treatment strategies for individual patients.

Utilizing prRIs and prRCV in the context of omics data significantly
enhances the personalization of disease monitoring. Traditional RIs are
derived from population-based studies; they may not accurately reflect
optimal values for every individual, particularly in the context of genetic
diversity and unique individual biological makeup [45]. PrRIs considers
an individual’s baseline profile and inter-individual variability over
time, providing a personalized benchmark against which changes in
genetic or metabolic markers can be more accurately assessed. This
approach improves the early detection of disease progression or treat-
ment non-responsiveness, enabling more timely and effective in-
terventions. Since prRIs provide a more personalized assessment of
disease risks, targeted prevention strategies could also be enabled so that
they are more likely to be effective for the individual. In the context of
pharmacogenomics, prRIs can help identify the most effective and safest
medications and dosages, reducing the risk of adverse drug reactions
and improving treatment outcomes.

In conclusion, the application of omics technologies in disease
monitoring, coupled with the use of prRIs and prRCV, represents a
paradigm shift in personalized healthcare. These approaches can
significantly improve patient outcomes across a wide range of condi-
tions by enabling more precise tracking of disease progression and
response to treatment. The adoption of prRIs in clinical practice requires
comprehensive baseline data collection and sophisticated analytical
tools, but the potential benefits for patient care and healthcare efficiency
are substantial.

5. Nano-omics and personalized laboratory medicine

In the ever-evolving landscape of medical research, the fusion of
nanotechnology and omics sciences has given rise to the revolutionary
field of nano-omics, presenting a paradigm shift in personalized labo-
ratory medicine [102-104]. Nano-omics integrates nanoscale materials
with genomics, proteomics, metabolomics, and transcriptomics,
unlocking unparalleled opportunities for tailoring medical approaches
to individual patients that embodies the true spirit of personalized

BBA - Molecular Basis of Disease 1870 (2024) 167339

medicine, setting a new standard for precision in healthcare. Advance-
ments in personalized laboratory medicine are propelled by nano-omics,
offering not only high-resolution insights into cellular processes but also
novel applications that redefine diagnostics and therapeutics [105] such
as enhanced diagnostic accuracy, targeted drug delivery, personalized
treatment plans, real-time monitoring of treatment efficacy, and
improved prognostics and predictive analysis [106].

5.1. Potential applications of nanomics in personalized laboratory
medicine

5.1.1. Enhanced diagnostic accuracy

Nano-omics introduces an unprecedented level of diagnostic preci-
sion through its ability to monitor molecular changes at the nanoscale in
real time. This capability allows for the early detection of diseases by
identifying subtle molecular deviations that precede visible symptoms
and conventional diagnostic detectability [107]. For example, using
gold nanoparticle-enhanced imaging, nano-omics can identify tumor-
specific genetic mutations and protein expressions with extraordinary
accuracy, facilitating early-stage interventions that significantly
improve patient prognosis [108]. Nanoparticle-based liquid biopsy en-
hances cancer biomarker detection by binding to circulating tumor DNA
(ctDNA) or exosomes in bodily fluids [109]. Magnetic nanoparticles
with antibodies capture circulating tumor cells (CTCs) from blood
samples, allowing genetic analyses to identify specific cancer mutations
[110]. Nanoparticle-enhanced imaging improves resolution in PET and
MRI. Gold nanoparticles in CT scans enhance contrast, distinguishing
benign from malignant tumors with higher accuracy, aiding in detecting
cancers like ovarian cancer [111]. Iron oxide nanoparticles in MRI
identify early prostate lesions, enabling prompt intervention [112].

Quantum dots offer high-resolution molecular profiling [113].
Conjugated with antibodies, quantum dots specifically bind to cancer-
associated proteins like HER2 in breast cancer, providing more accu-
rate identification of HER2-positive cells than traditional immunohis-
tochemistry [114].

Similarly, in cardiovascular diseases, nanoscale sensors embedded
within stents detect early biomarkers of heart failure or artery block-
ages, enabling preventative measures before critical conditions arise
[115]. Nano-omics enhances the early detection of MI through highly
sensitive nanosensors that identify cardiac biomarkers [116]. Cardiac
troponins (cTnl and c¢TnT) are crucial indicators of myocardial injury,
and nanoparticle-based biosensors such as carbon nanotube field-effect
transistors (CNT-FETs) or gold nanoparticle-enhanced immunoassays
provide rapid and sensitive detection of these biomarkers at concen-
trations as low as a few picograms per milliliter [117]. Early identifi-
cation of elevated troponin levels allows for prompt intervention,
minimizing cardiac tissue damage. Moreover, nanoparticle-based im-
aging improves the specificity of imaging modalities like MRI and PET
for MI diagnosis. Iron oxide nanoparticles enhance the resolution of
cardiac MRI, highlighting areas of ischemic injury [118]. Additionally,
radiolabeled nanoparticles used in PET imaging can identify inflam-
matory activity within atherosclerotic plaques, helping to predict plaque
rupture and imminent MI [119].

In a neurodegenerative context, nano-omics technologies can be
applied to analyze the intricate molecular pathways associated with
diseases like Alzheimer’s. Through the real-time monitoring of specific
protein aggregates in neurons, researchers can gain insights into disease
progression [120]. These insights not only aid in early diagnosis but also
lay the foundation for the development of tailored therapeutic in-
terventions targeting the root causes of neurodegenerative disorders.
This groundbreaking application of nano-omics in neurodegenerative
diseases will be possible by utilizing nanoscale sensors to detect subtle
changes in the protein composition of cerebrospinal fluid. This real-time
analysis provides crucial information about the progression of diseases
like Alzheimer, allowing for early intervention strategies to delay or
prevent cognitive decline.
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To enhance diagnostic accuracy, the prRI and prDL should be inte-
grated with data from nano-omics technologies where available and
suitable. For each analyte, at least five repeated measurement results
should be obtained from samples taken from individuals at appropriate
time intervals. Eq. 2 should then be used to derive the prRI, and sub-
sequently, Eq. 6 can be used to estimate the prDL for each analyte.

5.1.2. Targeted drug delivery

The targeted drug delivery systems developed through nano-omics
are notably innovative, as they deliver therapeutic agents directly to
the site of disease, thereby maximizing therapeutic efficacy and mini-
mizing systemic side effects [107]. For instance, in cancer treatment,
nanoparticle-engineered drug delivery systems like PEGylated liposomal
doxorubicin (Doxil) recognize and bind to cancerous cells, releasing
their medicinal payloads in a controlled manner [121]. This method not
only spares healthy tissues from the harsh effects of chemotherapy but
also allows for higher drug concentrations at the tumor site, enhancing
the overall treatment effectiveness.

Beyond oncology, nanoparticle drug delivery systems offer targeted
and sustained release of cardioprotective medications to prevent HF
development post-MI. Liposomal formulations containing beta-blockers,
ACE inhibitors, or aldosterone antagonists can specifically target
ischemic myocardium, reducing myocardial remodeling and fibrosis.

Nanomaterials also play a critical role in regenerative therapies for
MI and HF. Injectable hydrogels containing nanoparticles loaded with
growth factors or exosomes can create a supportive matrix for car-
diomyocyte regeneration. For instance, gold or silica nanoparticles
functionalized with angiogenic growth factors stimulate neo-
vascularization in the infarct region, improving myocardial repair and
reducing HF progression. This approach is also expanding into treat-
ments for inflammatory diseases, such as rheumatoid arthritis, where
polymer-based nanoparticles deliver anti-inflammatory agents directly
to inflamed joints, thereby reducing the disease’s systemic impact [122].

5.1.3. Personalized treatment plans

The adaptability of nano-omics in treatment plans is rooted in its
ability to integrate continuous biomolecular monitoring with personal-
ized therapy adjustments [107]. By using data-driven insights gathered
from individual molecular responses, physicians can tailor treatments to
each patient’s unique biological context. This is particularly crucial in
managing diseases with high variability between individuals, such as
diabetes, where glucose-responsive nanoparticles adjust the release of
insulin in response to the patient’s fluctuating glucose levels and
metabolic needs. The ability to dynamically adjust treatment plans not
only optimizes therapeutic outcomes but also enhances patient adher-
ence and satisfaction by minimizing side effects and improving overall
quality of life.

After integrating the prRI and prDL with data from nano-omics, the
prAL estimated from the prDL may be a good indicator for initiating
targeted therapy and personalized treatment.

5.1.4. Real-time monitoring of treatment efficacy

The real-time monitoring capabilities of nano-omics offer profound
benefits in chronic and progressive diseases [123]. Nanosensors detect
changes in blood biomarkers linked to tumor response [124]. For
example, carbon nanotube-based sensors measure biomarkers like CA-
125 in ovarian cancer, indicating tumor shrinkage or recurrence
[125]. In vivo monitoring with nanoparticles, such as silica nano-
particles conjugated with doxorubicin, allows real-time drug release and
distribution tracking via fluorescence imaging, providing insights into
drug penetration and treatment efficacy [126].

In monitoring and treating heart failure post-MI, nano-omics allows
comprehensive proteomic profiling, identifying molecular markers
predicting HF onset. Circulating biomarkers like brain natriuretic pep-
tide, galectin-3, and soluble ST2 are detected using nanoparticle-
enhanced proteomic assays, enabling clinicians to stratify patients by
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HF risk and tailor early interventions [127].

For neurodegenerative conditions like Parkinson’s and Alzheimer’s,
nano-omics technologies can track the progression of the disease at a
molecular level, often before symptoms worsen. Quantum dots, for
example, can track changes in specific protein aggregates, providing
insights that guide adjustments in therapeutic strategies, potentially
slowing disease progression and offering patients a better quality of life
for a longer duration. The application of these technologies in remote
monitoring also significantly reduces the burden on healthcare systems
by allowing patients to remain at home while still receiving optimal
care, thereby democratizing access to advanced medical monitoring. In
diagnosing and monitoring neurodegenerative diseases, PET/MRI
combines structural and functional imaging [128]. High-resolution MRI
detects brain atrophy [129], while PET tracers like 18F-FDG and 18F-
AV45 reveal reduced glucose metabolism and amyloid-beta plaque
accumulation in Alzheimer’s disease (AD) [130]. Nano-omics, such as
nanoparticle-based liquid biopsies, identify biomarkers like tau and
beta-amyloid with high sensitivity [131]. Magnetic nanoparticles coated
with antibodies capture circulating tau and beta-amyloid, enhancing
detection in the blood [132]. Imaging data then correlates these mo-
lecular changes with disease pathology.

Functional PET/MRI provides deeper insights into neurodegenera-
tive diseases by analyzing connectivity changes [133]. Resting-state
fMRI (rs-fMRI) evaluates brain network disruptions, like the default
mode network in AD [134]. Combining this with nanoparticle-based
proteomics overlays nanoscale protein expression data, identifying
protein changes in specific brain regions.

Metabolic activity and neuroinflammation are key in neurodegen-
erative diseases. 18F-FDG PET imaging measures glucose metabolism,
with decreased uptake indicating synaptic dysfunction in AD. TSPO-PET
imaging with tracers like 11C-PK11195 assesses neuroinflammation
[135]. Nanoparticle-based sensors reveal metabolic shifts, while
nanoparticle-enhanced proteomics identifies inflammation markers,
mapping these changes to brain regions identified via PET/MRI.

5.1.5. Improved prognostics and predictive analysis

Predictive analytics powered by nano-omics not only enhance
diagnostic and therapeutic precision but also revolutionize prognostics.
By comprehensively analyzing the molecular data, healthcare providers
can forecast disease trajectories and likely patient responses to various
treatments. This foresight enables preemptive medical interventions,
significantly altering patient management strategies, especially in dis-
eases known for their rapid progression or high mortality rates [106].

Chemoresistance poses a major challenge in cancer therapy. Nano-
omics helps uncover mechanisms and evaluate resistance develop-
ment. Nanoparticles isolate ctDNA for genomic profiling of resistant
cells, identifying mutations associated with chemoresistance [136].
Lipid-coated magnetic nanoparticles capture KRAS-mutated ctDNA in
colorectal cancer, predicting resistance to EGFR inhibitors [137]. Pro-
teomic analysis with nanoparticles identifies drug resistance proteins.
Modified polymeric nanoparticles isolate P-glycoprotein from cancer
cell lysates [138]. Drug efflux studies with nano-delivery systems reveal
efflux mechanisms. Gold nanoparticles with chemotherapeutics monitor
intracellular drug levels, indicating active efflux pumps if expelled
quickly [139].

Within personalized references, prRCV integrated with omics and
nano-omics is a powerful tool to evaluate the effectiveness of treatment
and the prognosis of diseases. Using prRCV, the differences between
sequential measurements of analytes can be objectively evaluated,
providing a great opportunity for real-time monitoring of diseases.

5.2. Challenges and future directions of nano-omics
The marriage of nano-omics and personalized laboratory medicine

not only transforms diagnostics and therapeutics but also addresses the
challenges of traditional approaches. Nevertheless, the potential of
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nano-omics in personalized laboratory medicine is accompanied by
challenges that warrant comprehensive exploration. The potential risks
associated with long-term exposure to nanoparticles, the ethical con-
siderations surrounding genetic privacy, and the need for robust regu-
latory frameworks are among the primary concerns that must be
addressed. Furthermore, the high cost of nano-omic technologies and
the need for specialized training for healthcare providers are significant
barriers to its widespread adoption. As we navigate the complexities of
this interdisciplinary field, the collaboration between nanotechnology
and omics sciences holds the promise of reshaping global health [140].
The convergence of nano-omics and personalized laboratory medicine
represents a transformative leap toward a future where healthcare is not
only personalized but also dynamically responsive to the unique mo-
lecular signatures of each patient. This is why global health initiatives
deploy nanoscale sensors in resource-limited settings for rapid and
precise disease diagnostics as the future applications of nano-omics in
personalized laboratory medicine. This approach has the potential to
revolutionize healthcare delivery in underserved populations, ensuring
timely and targeted interventions for various diseases.

6. Personalizing omics data to enhance global health

Transitioning to a personalized, predictive, preventive, and partici-
patory approach in medicine, known as P4 Medicine, represents a
paradigm shift toward tailoring medical decisions to individual patient
characteristics rather than relying on population averages [141,142].
Integrating omics technologies into P4 Medicine holds vast potential to
transform global healthcare by uncovering the molecular mechanisms
underlying the onset and advancement of complex diseases such as
cancer and neurodegenerative disorders, which significantly impact
global health. By integrating diagnostic test data with a patient’s med-
ical history and findings from physical examinations, physicians can
develop individualized treatment and prevention strategies, enhancing a
more personalized and impactful approach to patient care. Chen et al.
[143] created a longitudinal integrative Personal Omics Profile (iPOP),
which combined genomic, proteomic, metabolomic, transcriptomic, and
autoantibody profiles, showcased the dynamic changes in molecular and
biological pathways during the transition to type 2 diabetes following
two viral infections (HRV and RSV). The creation of iPOP brings forth a
host of benefits including improved disease risk assessment, early
diagnosis, precise monitoring, targeted therapies, enhanced under-
standing of disease biology, and more effective prevention strategies in
healthcare [143,144]. Similarly, Rose et al. [145] systematically
collected quarterly samples for up to 8 years from 109 participants in an
iPOP-enhanced prospective longitudinal cohort study. This compre-
hensive profiling involved the analysis of genome, immunome, tran-
scriptome, proteome, metabolome, microbiome, and wearable tracking
data. The study identified several pathways relevant to type 2 diabetes,
cardiovascular, and oncological pathophysiology and developed pre-
dictive models for insulin resistance using omics measurements. By
demonstrating the distinctiveness of healthy profiles among individuals
and demonstrating different models of intra- and inter-individual vari-
ability, it can pave the way for personalized interventions and precision
health strategies [146].

The aging of the global population is imposing a serious burden on
the global healthcare system, and therefore, it is necessary to minimize
the negative effects of aging such as disease and loss of productivity. In a
study investigating personalized approaches to understanding the het-
erogeneity of aging patterns and the aging process among individuals,
longitudinal and comprehensive multiomics profiles (including tran-
scripts, proteins, metabolites, cytokines, microbes, and clinical labora-
tory values) were examined over a period of 2-3 years. Molecular
profiles were integrated into longitudinal healthy aging cohorts among
106 healthy individuals, identifying various individual aging models
[147].

The Pioneer 100 Wellness Project (P100), launched by the Institute
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for Systems Biology, undertook a comprehensive approach by inte-
grating clinical tests, metabolomics, proteomics, microbiomics, and
daily activity tracking across three time points for 108 individuals over
nine months [148]. This initiative aimed to pioneer a new research
model, the 100 K Wellness Project, reminiscent of the Framingham
Heart Study, leveraging personalized, dynamic data clouds to deepen
insights into biomarkers, genomics, and exercise. By analyzing data
from the P100 project, researchers uncovered relevant analytes linked to
specific diseases like cardiometabolic conditions and inflammatory
bowel disease. This personalized approach, driven by the insights gained
from projects like the P100 initiative, holds immense promise in opti-
mizing healthcare delivery, enhancing patient outcomes, and advancing
our understanding of complex diseases and their management [149].

Big data plays a critical role in personalized laboratory medicine.
However, when the number of features exceeds the sample size, complex
models may overfit the data, leading to erroneous predictions. There-
fore, advanced algorithms and models are needed for the high dimen-
sionality of multi-omics data [150]. By leveraging machine learning
tools and algorithms, predictive models that identify risks can be
developed by integrating multi-omics data with clinical information
(Fig. 5). This enables facilitating interventions by identifying patients’
health statuses at an early stage.

7. Future perspectives and challenges

Looking ahead, the field of personalized statistical algorithms for
omics data interpretation is poised for significant advancements.
Ongoing research in bioinformatics and computational biology is ex-
pected to yield more sophisticated algorithms and tools for omics data
analysis, enhancing the accuracy and efficiency of personalized medi-
cine. Integrating personalized omics-based approaches into global
health initiatives will be crucial for addressing health disparities and
improving healthcare outcomes worldwide.

The completion of the Human Genome Project and milestones ach-
ieved in the Human Proteome Project, coupled with advancements in
computational bioinformatics and “big data” processing, have played a
significant role in advancing personalized medicine. These de-
velopments have enabled the precise implementation of diverse omics-
based therapies and bioengineering techniques for disease diagnosis,
prognosis, treatment, and risk classification [152]. Various omics data-
bases offer researchers extensive biological data across diverse molec-
ular levels including genomic, proteomic, metabolomic, and
transcriptomic, facilitating integration and analysis [153]. These re-
sources offer comprehensive insights into biological pathways, disease
mechanisms, and more by extensively examining interactions between
genes, proteins, and metabolites. Such information will contribute to the
development of predictive models and more accurate diagnoses.

Regulatory bodies like the FDA are focusing on Precision Medicine to
optimize patient benefits by integrating diagnostic data with individual
medical histories values [154]. With the approval of 12 new personal-
ized drugs in 2022, as documented by the Personalized Medicine Coa-
lition, personalized drugs now account for at least one-fourth of new
drug approvals in each of the past eight years. The rise in personalized
drug approvals underscores the progress in diagnosis and treatment
through personalized approaches [155].

The integration of personalized statistical algorithms into laboratory
medicine by our group, as discussed earlier, carries significant potential
for interpreting omics data, thus driving a revolution in precision
medicine and enhancing global health. However, there are challenges
stemming from the inherently intricate and high-dimensional nature of
omics data, compounded by a lack of standardization in omics data
analysis. This necessitates advanced computational methods and robust
statistical models for effective integration. Standardization and repro-
ducibility are essential for the reliability of omics data [156] across
different studies and laboratories, yet they remain a significant chal-
lenge. The heterogeneous nature of omics data introduces new
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The Figure reprinted from [151] and used under the CC-BY license.

challenges, necessitating advanced computational tools and multidisci-
plinary teams to effectively integrate and interpret the data [157,158].
Datasets with numerous variables exhibit high dimensionality, leading
to significant variance between samples, which can render clustering
analysis less informative. This complexity adds further challenges to
interpreting integrated data [159]. Moreover, the generation of multi-
source heterogeneous raw data underscores the need for comprehen-
sive bioinformatics and artificial intelligence platforms to support real-
time processes, including mathematical modeling, integration, compu-
tational analysis, management, data fusion, and visualization. There-
fore, leveraging data science and artificial intelligence efficiently holds
the potential to enhance public health surveillance and monitoring by
systematically collecting, managing, analyzing, and interpreting data
within specified timelines [160-163]. Additionally, ensuring the privacy
and security of sensitive personal information contained in omics data is
paramount, necessitating the development of secure data storage and
sharing platforms. The clinical translation of omics-based discoveries
into practice requires validation in clinical trials and the establishment
of regulatory frameworks. Furthermore, the prevailing high costs asso-
ciated with omics technologies and data analysis can hinder their
accessibility, especially in low-resource settings. This emphasizes the
necessity for initiatives focused on cost reduction and enhancing global
access to effectively tackle global health issues.

8. Conclusion

Medical laboratory services allow for precise measurement of
numerous biomolecules, aiding in disease diagnosis, health monitoring,
treatment evaluation, and population screening. They are integral to
high-quality healthcare, significantly impacting global health outcomes.
In the past three decades, the incorporation of omics technologies into
laboratory medicine has revolutionized the landscape of personalized
healthcare, by enabling precision medicine, early diagnosis, individu-
alized treatment plans, improved drug development, integrated health
data analysis, and tailored lifestyle interventions. Whole genome
sequencing and other genomic technologies enable the identification of
personalized genetic variants associated with diseases, allowing for
more accurate diagnoses. They can detect specific cancer mutations,
guiding the selection of the most effective chemotherapy for individuals.
Tumor profiling allows for individualized treatment plans based on the
tumor’s genome, enabling the selection of the most effective therapies.
Additionally, pharmacogenomics can evaluate a person’s response to
specific drugs, helping to prescribe the right drug at the right dose,
thereby maximizing therapeutic efficacy and minimizing adverse ef-
fects. Nutrigenomic studies can help create personalized nutritional
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plans based on an individual’s genomic characteristics, aiding in the
prevention and management of chronic diseases and microbiomics can
lead to personalized probiotics and dietary recommendations that sup-
port individuals’ optimal health.

For an individual, multi-omics approaches — such as proteomics,
transcriptomics, and genomics etc. — can be combined to obtain a more
accurate and detailed picture of disease. This integration leads to more
precise diagnoses and the development of effective, timely targeted
therapies. This transformation is leading to more effective, efficient, and
patient-centered healthcare solutions, ultimately improving patient
outcomes and quality of life.

The utilization of personalized statistical algorithms to interpret in-
dividuals’ omics data based on their own references is driving a revo-
lution in personalized medicine, significantly enhancing global health.
Making the benefits of personalized medicine accessible to everyone
requires investment in international collaboration and infrastructure,
technology, and human resources [164]. Therefore, global cooperation
and coordination are crucial to ensure the widespread dissemination of
the benefits of personalized medicine regardless of geographical loca-
tion, making them accessible to all.

CRediT authorship contribution statement

Abdurrahman Coskun: Writing — review & editing, Writing —
original draft, Visualization, Supervision, Conceptualization. Gokhan
Ertaylan: Writing — review & editing, Writing - original draft,
Conceptualization. Murih Pusparum: Writing — review & editing,
Writing — original draft, Conceptualization. Rebekka Van Hoof:
Writing — review & editing, Writing — original draft, Software. Zelal
Zuhal Kaya: Writing - review & editing, Writing — original draft, Soft-
ware, Conceptualization. Arezoo Khosravi: Writing — original draft,
Investigation. Ali Zarrabi: Writing — review & editing, Writing — original
draft, Validation, Conceptualization.

Declaration of generative Al and Al-assisted technologies in the
writing process

During the preparation of this work the authors used ChatGPT in
order to correct English grammar and spelling. After using this tool/

service, the authors reviewed and edited the content as needed and take
full responsibility for the content of the publication.

Declaration of competing interest

The authors declare that they have no known competing financial



A. Coskun et al.

interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

No data was used for the research described in the article.

References

[1]

[2]
[3]

[4]

[5]

(6]

[7

—

[8

—

[9

[}

[10]

[11]

[12]
[13]
[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Why The World Needs An Essential Diagnostics List, (n.d.). https://www.forbes.
com/sites/sciencebiz/2016,/08/04/why-the-world-needs-an-essential-diagnos
tics-list/?sh=509d66e24015 (accessed March 19, 2024).

B. Van Der Pol, Laboratory support of global health research, J. Gen. Intern. Med.
28 (2013) 654, https://doi.org/10.1007/511606-013-2458-5.

S.B. Riley, Global laboratory medicine: providing a lens for global health, J. Appl.
Lab. Med. 6 (2021) 11-14, https://doi.org/10.1093/JALM/JFAA207.

The Lancet Global Health, Global health security: how can laboratories help?
Lancet Glob. Health 5 (2017) e115 https://doi.org/10.1016/52214-109X(17)
30009-8.

J.N. Nkengasong, P. Nsubuga, O. Nwanyanwu, G.M. Gershy-Damet, G. Roscigno,
M. Bulterys, B. Schoub, K.M. DeCock, D. Birx, Laboratory systems and services are
critical in global health: time to end the neglect? Am. J. Clin. Pathol. 134 (2010)
368-373, https://doi.org/10.1309/AJCPMPSINQ9BRMUG6.

M. Vogeser, K. Habler, Rules for mass spectrometry applications in the clinical
laboratory, Anal. Bioanal. Chem. 415 (2023) 5049-5055, https://doi.org/
10.1007/500216-023-04648-0.

A. Coskun, G. Lippi, Personalized laboratory medicine in the digital health era:
recent developments and future challenges, Clin. Chem. Lab. Med. 62 (2023)
402-409, https://doi.org/10.1515/CCLM-2023-0808.

EP28-A3c, Defining, Establishing, and Verifying Reference Intervals in the
Clinical Laboratory; Approved Guideline, Third edition, 2010. www.clsi.org
(accessed March 16, 2024).

S. Visvikis-Siest, D. Theodoridou, M.S. Kontoe, S. Kumar, M. Marschler,
Milestones in personalized medicine: from the ancient time to nowadays—the
provocation of COVID-19, Front. Genet. 11 (2020) 569175, https://doi.org/
10.3389/FGENE.2020.569175.

G.P. Sykiotis, G.D. Kalliolias, A.G. Papavassiliou, Pharmacogenetic principles in
the Hippocratic writings, J. Clin. Pharmacol. 45 (2005) 1218-1220, https://doi.
org/10.1177,/0091270005281091.

P.H. Petersen, C.G. Fraser, S. Sandberg, H. Goldschmidt, The index of
individuality is often a misin- terpreted quantity characteristic, Clin. Chem. Lab.
Med. 37 (1999) 655-661, https://doi.org/10.1515/CCLM.1999.102.

EFLM Biological Variation, (n.d.). https://biologicalvariation.eu/ (accessed
March 15, 2024).

G.D. Lundberg, Acting on significant laboratory results, JAMA 245 (1981)
1762-1763, https://doi.org/10.1001/JAMA.1981.03310420052033.

A. Coskun, Six Sigma and laboratory consultation, Clin. Chem. Lab. Med. 45
(2007) 121-123, https://doi.org/10.1515/CCLM.2007.023.

M. Plebani, G. Lippi, Closing the brain-to-brain loop in laboratory testing, Clin.
Chem. Lab. Med. 49 (2011) 1131-1133, https://doi.org/10.1515/
CCLM.2011.617.

C. Cobbaert, A. Albersen, I. Zwiers, P. Schippers, J. Gillis, Designing a diagnostic
total testing process as a base for supporting diagnostic stewardship, Clin. Chem.
Lab. Med. 59 (2021) 473-489, https://doi.org/10.1515/CCLM-2020-1251/
DOWNLOADASSET/SUPPL/J_CCLM-2020-1251_SUPPL_005.DOCX.

M. Plebani, Exploring the iceberg of errors in laboratory medicine, Clin. Chim.
Acta 404 (2009) 16-23, https://doi.org/10.1016/J.CCA.2009.03.022.

M. Plebani, The detection and prevention of errors in laboratory medicine, Ann.
Clin. Biochem. 47 (2010) 101-110, https://doi.org/10.1258/acb.2009.009222.
M. Plebani, Errors in clinical laboratories or errors in laboratory medicine? Clin.
Chem. Lab. Med. 44 (2006) 750-759, https://doi.org/10.1515/CCLM.2006.123.
M. Laposata, A. Dighe, “Pre-pre” and “post-post” analytical error: high-incidence
patient safety hazards involving the clinical laboratory, Clin. Chem. Lab. Med. 45
(2007) 712-719, https://doi.org/10.1515/CCLM.2007.173.

M. Plebani, M. Laposata, G.D. Lundberg, The brain-to-brain loop concept for
laboratory testing 40 years after its introduction, Am. J. Clin. Pathol. 136 (2011)
829-833, https://doi.org/10.1309/AJCPR28HWHSSDNON.

A. Coskun, S. Sandberg, I. Unsal, F.G. Yavuz, C. Cavusoglu, M. Serteser,

M. Kilercik, A.K. Aarsand, Personalized reference intervals — statistical
approaches and considerations, Clin. Chem. Lab. Med. 60 (2021) 629-635,
https://doi.org/10.1515/CCLM-2021-1066.

A. Coskun, S. Sandberg, I. Unsal, C. Cavusoglu, M. Serteser, M. Kilercik, A.

K. Aarsand, Personalized reference intervals in laboratory medicine: a new model
based on within-subject biological variation, Clin. Chem. 67 (2021) 374-384,
https://doi.org/10.1093/clinchem/hvaa233.

A. Coskun, S. Sandberg, I. Unsal, C. Cavusoglu, M. Serteser, M. Kilercik, A.

K. Aarsand, Personalized and population-based reference intervals for 48
common clinical chemistry and hematology measurands: a comparative study,
Clin. Chem. 69 (2023) 1009-1030, https://doi.org/10.1093/CLINCHEM/
HVAD113.

A. Coskun, G. Lippi, The impact of physiological variations on personalized
reference intervals and decision limits: an in-depth analysis, Clin. Chem. Lab.
Med. (2024), https://doi.org/10.1515/CCLM-2024-0009.

13

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

BBA - Molecular Basis of Disease 1870 (2024) 167339

A. Coskun, A. Zarepour, A. Zarrabi, Physiological rhythms and biological
variation of biomolecules: the road to personalized laboratory medicine, Int. J.
Mol. Sci. 24 (2023), https://doi.org/10.3390/1JMS24076275.

G.H. Goh, S.K. Maloney, P.J. Mark, D. Blache, Episodic ultradian
events—ultradian rhythms, Biology 8 (2019), https://doi.org/10.3390/
BIOLOGY8010015.

F.W. Turek, M.U. Gillette, Melatonin, sleep, and circadian rhythms: rationale for
development of specific melatonin agonists, Sleep Med. 5 (2004) 523-532,
https://doi.org/10.1016/J.SLEEP.2004.07.009.

H. Oster, E. Challet, V. Ott, E. Arvat, E.R. de Kloet, D.J. Dijk, S. Lightman,

A. Vgontzas, E. Van Cauter, The functional and clinical significance of the 24-
hour rhythm of circulating glucocorticoids, Endocr. Rev. 38 (2017) 3-45, https://
doi.org/10.1210/ER.2015-1080.

B.G. Reed, B.R. Carr, The Normal Menstrual Cycle and the Control of Ovulation,
2018 Aug 5, in: K.R. Feingold, B. Anawalt, M.R. Blackman, A. Boyce, G. Chrousos,
E. Corpas, W.W. de Herder, K. Dhatariya, K. Dungan, J. Hofland, S. Kalra,

G. Kaltsas, N. Kapoor, C. Koch, P. Kopp, M. Korbonits, C.S. Kovacs, W. Kuohung,
B. Laferrere, M. Levy, E.A. McGee, R. McLachlan, M. New, J. Purnell, R. Sahay, A.
S. Shah, F. Singer, M.A. Sperling, C.A. Stratakis, D.L. Trence, D.P. Wilson (Eds.),
Endotext [Internet], MDText.com, Inc., South Dartmouth (MA), 2000. PMID:
25905282.

M. Zhang, R. Zhai, J. Liu, H. Guang, B. Li, S. Zhang, Seasonal variation of blood
calcium levels in children aged 1-10, J. Clin. Lab. Anal. 30 (2016) 741, https://
doi.org/10.1002/JCLA.21931.

M.J. Bolland, A.B. Grey, R.W. Ames, B.H. Mason, A.M. Horne, G.D. Gamble, 1.
R. Reid, The effects of seasonal variation of 25-hydroxyvitamin D and fat mass on
a diagnosis of vitamin D sufficiency, Am. J. Clin. Nutr. 86 (2007) 959-964,
https://doi.org/10.1093/AJCN/86.4.959.

M.M. Doyle, T.E. Murphy, B. Miner, M.A. Pisani, E.R. Lusczek, M.P. Knauert,
Enhancing cosinor analysis of circadian phase markers using the gamma
distribution, Sleep Med. 92 (2022) 1-3, https://doi.org/10.1016/J.
SLEEP.2022.01.015.

A. Coskun, S. Sandberg, I. Unsal, C. Cavusoglu, M. Serteser, M. Kilercik, A.

K. Aarsand, Personalized reference intervals: using estimates of within-subject or
within-person biological variation requires different statistical approaches, Clin.
Chim. Acta 524 (2022) 201-202, https://doi.org/10.1016/J.CCA.2021.10.034.
A. Coskun, S. Sandberg, I. Unsal, M. Serteser, A.K. Aarsand, Personalized
reference intervals: from theory to practice, Crit. Rev. Clin. Lab. Sci. 59 (2022)
501-516, https://doi.org/10.1080,/10408363.2022.2070905.

A. Coskun, A.K. Aarsand, S. Sandberg, E. Guerra, M. Locatelli, J. Diaz-Garzon,
P. Fernandez-Calle, F. Ceriotti, N. Jonker, W.A. Bartlett, A. Carobene, Within- and
between-subject biological variation data for tumor markers based on the
European Biological Variation Study, Clin. Chem. Lab. Med. 60 (2021) 543-552,
https://doi.org/10.1515/CCLM-2021-0283.

N. Clouet-Foraison, S.M. Marcovina, E. Guerra, A.K. Aarsand, A. Coskun, J. Didz-
Garzoa, P. Fernandez-Calle, S. Sandberg, F. Ceriotti, A. Carobene, Analytical
performance specifications for lipoprotein(A), apolipoprotein B-100, and
apolipoprotein A-I using the biological variation model in the EuBIVAS
population, Clin. Chem. 66 (2020) 727-736, https://doi.org/10.1093/
CLINCHEM/HVAAOQ054.

M. Bottani, A.K. Aarsand, G. Banfi, M. Locatelli, A. Coskun, J. Diaz-Garzdn,

P. Fernandez-Calle, S. Sandberg, F. Ceriotti, A. Carobene, European biological
variation study (EuBIVAS): within- and between-subject biological variation
estimates for serum thyroid biomarkers based on weekly samplings from 91
healthy participants, Clin. Chem. Lab. Med. 60 (2021) 523-532, https://doi.org/
10.1515/CCLM-2020-1885.

F. Ceriotti, J.D.G. Marco, P. Fernandez-Calle, A. Maregnani, A.K. Aarsand,

A. Coskun, N. Jonker, S. Sandberg, A. Carobene, The European Biological
Variation Study (EuBIVAS): weekly biological variation of cardiac troponin I
estimated by the use of two different high-sensitivity cardiac troponin I assays,
Clin. Chem. Lab. Med. 58 (2020) 1741-1747, https://doi.org/10.1515/CCLM-
2019-1182.

E. Gonzalez-Lao, Z. Corte, M. Simén, C. Ricés, A. Coskun, F. Braga, A.K. Aarsand,
A. Carobene, W.A. Bartlett, B. Boned, B. Asland, J. Diaz-Garzén, F. Marqués-
Garcia, J. Minchinela, C. Perich, P. Fernandez-Calle, T. Roraas, P. Fernandez-
Fernandez, N. Jonker, S. Sandberg, Systematic review of the biological variation
data for diabetes related analytes, Clin. Chim. Acta 488 (2019) 61-67, https://
doi.org/10.1016/J.CCA.2018.10.031.

F. Marques-Garcia, B. Boned, E. Gonzalez-Lao, F. Braga, A. Carobene, A. Coskun,
J. Diaz-Garzén, P. Ferndndez-Calle, M.C. Perich, M. Simon, N. Jonker, B. Aslan,
W.A. Bartlett, S. Sandberg, A.K. Aarsand, Critical review and meta-analysis of
biological variation estimates for tumor markers, Clin. Chem. Lab. Med. 60
(2022) 494-504, https://doi.org/10.1515/CCLM-2021-0725.

P. Fernandez-Calle, J. Diaz-Garzon, W. Bartlett, S. Sandberg, F. Braga, B. Beatriz,
A. Carobene, A. Coskun, E. Gonzalez-Lao, F. Marques, C. Perich, M. Simon, A.
K. Aarsand, Biological variation estimates of thyroid related measurands — meta-
analysis of BIVAC compliant studies, Clin. Chem. Lab. Med. 60 (2021) 483-493,
https://doi.org/10.1515/CCLM-2021-0904.

J. Diaz-Garzon, P. Fernandez-Calle, S. Sandberg, M. Ozciiriimez, W.A. Bartlett,
A. Coskun, A. Carobene, C. Perich, M. Simon, F. Marques, B. Boned, E. Gonzalez-
Lao, F. Braga, A.K. Aarsand, Biological variation of cardiac troponins in health
and disease: a systematic review and meta-analysis, Clin. Chem. 67 (2021)
256-264, https://doi.org/10.1093/CLINCHEM/HVAA261.

J. Diaz-Garzon, P. Ferndandez-Calle, J. Minchinela, A.K. Aarsand, W.A. Bartlett,
B. Aslan, B. Boned, F. Braga, A. Carobene, A. Coskun, E. Gonzalez-Lao, N. Jonker,
F. Marques-Garcia, C. Perich, C. Ricos, M. Simén, S. Sandberg, Biological



A. Coskun et al.

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

variation data for lipid cardiovascular risk assessment biomarkers. A systematic
review applying the biological variation data critical appraisal checklist (BIVAC),
Clin. Chim. Acta 495 (2019) 467-475, https://doi.org/10.1016/J.
CCA.2019.05.013.

M. Pusparum, G. Ertaylan, O. Thas, From population to subject-specific reference
intervals, in: Lecture Notes in Computer Science (Including Subseries Lecture
Notes in Artificial Intelligence and Lecture Notes in Bioinformatics) vol. 12140,
LNCS, 2020, pp. 468-482, https://doi.org/10.1007/978-3-030-50423-6_35.

M. Pusparum, O. Thas, G. Ertaylan, Individual reference intervals in practice: a
guide to personalise clinical and omics level data with IRIS, MedRxiv (2022),
https://doi.org/10.1101/2022.07.18.22277788, 2022.07.18.22277788.

M. Pusparum, G. Ertaylan, O. Thas, Individual reference intervals for personalised
interpretation of clinical and metabolomics measurements, J. Biomed. Inform.
131 (2022), https://doi.org/10.1016/J.JB1.2022.104111.

Y. Ozarda, K. Sikaris, T. Streichert, J. Macri, Distinguishing reference intervals
and clinical decision limits — a review by the IFCC Committee on Reference
Intervals and Decision Limits, Crit. Rev. Clin. Lab. Sci. 55 (2018) 420-431,
https://doi.org/10.1080/10408363.2018.1482256.

J. Hong, E.J. Cho, H.K. Kim, W. Lee, S. Chun, W.K. Min, Application and
optimization of reference change values for Delta Checks in clinical laboratory,
J. Clin. Lab. Anal. 34 (2020), https://doi.org/10.1002/JCLA.23550.

J.P. McCormack, D.T. Holmes, Using reference change values (RCV) to assess
changes in analyte concentrations — not as easy as it looks, BMJ 368 (2024),
https://doi.org/10.1136/BMJ.M149.

C.G. Fraser, Reference change values, Clin. Chem. Lab. Med. 50 (2011) 807-812,
https://doi.org/10.1515/CCLM.2011.733.

S. Carlsen, P.H. Petersen, S. Skeie, S. @yvind, S. Sandberg, Within-subject
biological variation of glucose and HbA(1c) in healthy persons and in type 1
diabetes patients, Clin. Chem. Lab. Med. 49 (2011) 1501-1507, https://doi.org/
10.1515/CCLM.2011.233.

A. Coskun, Prediction interval: a powerful statistical tool for monitoring patients
and analytical systems, Biochem. Med. 34 (2024) 020101, https://doi.org/
10.11613/BM.2024.020101.

M. Pusparum, Individual Reference Intervals for Clinical and Omics Biomarkers.
https://documentserver.uhasselt.be//handle/1942/41443, 2023 (accessed June
21, 2024).

Pusparum, M., Ertaylan, G., Thas, O. “Method to predict Individual Reference
Change Values (I-RCV).” European Patent Application No. EP23193441.5, filed
25 August 2023, (n.d.).

C.M. Micheel, S.J. Nass, G.S. Omenn, C. on the R. of O.-B.T. for P.P.O. in C. Trials,
B. on H.C. Services, B. on H.S. Policy, I. of Medicine, Omics-Based Clinical
Discovery: Science, Technology, and Applications vol. 129, 2012, pp. 802-804,
https://doi.org/10.1016/50140-6736.

C. Meng, O.A. Zeleznik, G.G. Thallinger, B. Kuster, A.M. Gholami, A.C. Culhane,
Dimension reduction techniques for the integrative analysis of multi-omics data,
Brief. Bioinform. 17 (2016) 628-641, https://doi.org/10.1093/BIB/BBV108.

R. Yamada, D. Okada, J. Wang, T. Basak, S. Koyama, Interpretation of omics data
analyses, J. Human Genet. 66 (2020) 93-102, https://doi.org/10.1038/510038-
020-0763-5.

I.M. Johnstone, D.M. Titterington, Statistical challenges of high-dimensional data,
Philos. Trans. R. Soc. A Math. Phys. Eng. Sci. 367 (2009) 4237-4253, https://doi.
org/10.1098/RSTA.2009.0159.

X. Dai, L. Shen, Advances and trends in omics technology development, Front.
Med. 9 (2022) 911861, https://doi.org/10.3389/FMED.2022.911861/BIBTEX.
M. Gallego-Paiils, C. Hernandez-Ferrer, M. Bustamante, X. Basagana, J. Barrera-
Gomez, C.H.E. Lau, A.P. Siskos, M. Vives-Usano, C. Ruiz-Arenas, J. Wright,

R. Slama, B. Heude, M. Casas, R. Grazuleviciene, L. Chatzi, E. Borras, E. Sabidd,
A. Carracedo, X. Estivill, J. Urquiza, M. Coen, H.C. Keun, J.R. Gonzalez,

M. Vrijheid, L. Maitre, Variability of multi-omics profiles in a population-based
child cohort, BMC Med. 19 (2021) 1-16, https://doi.org/10.1186/512916-021-
02027-Z/FIGURES/S5.

J.R. Everett, From metabonomics to pharmacometabonomics: the role of
metabolic profiling in personalized medicine, Front. Pharmacol. 7 (2016) 297,
https://doi.org/10.3389/FPHAR.2016.00297.

J. Bell, Stratified medicines: towards better treatment for disease, Lancet 383
(Suppl. 1) (2014) S3-S5, https://doi.org/10.1016/S0140-6736(14)60115-X.

D.S. Wishart, Emerging applications of metabolomics in drug discovery and
precision medicine, Nat. Rev. Drug Discov. 15 (2016) 473-484, https://doi.org/
10.1038/nrd.2016.32.

M.F. Berger, E.R. Mardis, The emerging clinical relevance of genomics in cancer
medicine, Nat. Rev. Clin. Oncol. 15 (2018) 353-365, https://doi.org/10.1038/
S41571-018-0002-6.

C. Weiss, One in four dies of cancer. Questions about the epidemiology of
malignant tumours, Recent Results Cancer Res. 218 (2021) 15-29, https://doi.
org/10.1007/978-3-030-63749-1_2.

H. Sung, J. Ferlay, R.L. Siegel, M. Laversanne, I. Soerjomataram, A. Jemal,

F. Bray, Global cancer statistics 2020: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries, CA Cancer J. Clin. 71 (2021)
209-249, https://doi.org/10.3322/CAAC.21660.

M.R. Stratton, N. Rahman, The emerging landscape of breast cancer
susceptibility, Nat. Genet. 40 (2008) 17-22, https://doi.org/10.1038/
NG.2007.53.

N. Mavaddat, S. Peock, D. Frost, S. Ellis, R. Platte, E. Fineberg, D.G. Evans,

L. Izatt, R.A. Eeles, J. Adlard, R. Davidson, D. Eccles, T. Cole, J. Cook, C. Brewer,
M. Tischkowitz, F. Douglas, S. Hodgson, L. Walker, M.E. Porteous, P.J. Morrison,
L.E. Side, M.J. Kennedy, C. Houghton, A. Donaldson, M.T. Rogers, H. Dorkins,

14

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

BBA - Molecular Basis of Disease 1870 (2024) 167339

Z. Miedzybrodzka, H. Gregory, J. Eason, J. Barwell, E. McCann, A. Murray, A.
C. Antoniou, D.F. Easton, Cancer risks for BRCA1 and BRCA2 mutation carriers:
results from prospective analysis of EMBRACE, J. Natl. Cancer Inst. 105 (2013)
812-822, https://doi.org/10.1093/INCI/DJT095.

S. Tangutoori, P. Baldwin, S. Sridhar, PARP inhibitors: a new era of targeted
therapy, Maturitas 81 (2015) 5-9, https://doi.org/10.1016/J.
MATURITAS.2015.01.015.

J. Hunia, K. Gawalski, A. Szredzka, M.J. Suskiewicz, D. Nowis, The potential of
PARP inhibitors in targeted cancer therapy and immunotherapy, Front. Mol.
Biosci. 9 (2022), https://doi.org/10.3389/FMOLB.2022.1073797.

E. Souche, S. Beltran, E. Brosens, J.W. Belmont, M. Fossum, O. Riess, C. Gilissen,
A. Ardeshirdavani, G. Houge, M. van Gijn, J. Clayton-Smith, M. Synofzik, N. de
Leeuw, Z.C. Deans, Y. Dincer, S.H. Eck, S. van der Crabben, M. Balasubramanian,
H. Graessner, M. Sturm, H. Firth, A. Ferlini, R. Nabbout, E. De Baere, T. Liehr,
M. Macek, G. Matthijs, H. Scheffer, P. Bauer, H.G. Yntema, M.M. Weiss,
Recommendations for whole genome sequencing in diagnostics for rare diseases,
Eur. J. Hum. Genet. 30 (2022) 1017-1021, https://doi.org/10.1038/541431-
022-01113-X.

K.R. Schon, R. Horvath, W. Wei, C. Calabrese, A. Tucci, K. Ibanez, T. Ratnaike, R.
D.S. Pitceathly, E. Bugiardini, R. Quinlivan, M.G. Hanna, E. Clement, E. Ashton, J.
A. Sayer, P. Brennan, D. Josifova, L. Izatt, C. Fratter, V. Nesbitt, T. Barrett, D.
J. McMullen, A. Smith, C. Deshpande, S.F. Smithson, R. Festenstein, N. Canham,
M. Caulfield, H. Houlden, S. Rahman, P.F. Chinnery, J.C. Ambrose, P. Arumugam,
R. Bevers, M. Bleda, F. Boardman-Pretty, C.R. Boustred, H. Brittain, G.C. Chan,
G. Elgar, T. Fowler, A. Giess, A. Hamblin, S. Henderson, T.J.P. Hubbard,

R. Jackson, L.J. Jones, D. Kasperaviciute, M. Kayikci, A. Kousathanas,

L. Lahnstein, S.E.A. Leigh, I.U.S. Leong, F.J. Lopez, F. Maleady-Crowe,

M. McEntegart, F. Minneci, L. Moutsianas, M. Mueller, N. Murugaesu, A.C. Need,
P. O’Donovan, C.A. Odhams, C. Patch, M.B. Pereira, D. Perez-Gil, J. Pullinger,
T. Rahim, A. Rendon, T. Rogers, K. Savage, K. Sawant, R.H. Scott, A. Siddiq,

A. Sieghart, S.C. Smith, A. Sosinsky, A. Stuckey, M. Tanguy, A.L. Taylor Tavares,
E.R.A. Thomas, S.R. Thompson, A. Tucci, M.J. Welland, E. Williams, K.

A. Witkowska, S.M. Wood, Use of whole genome sequencing to determine genetic
basis of suspected mitochondrial disorders: cohort study, BMJ 375 (2021),
https://doi.org/10.1136/BMJ-2021-066288.

E.A. Ashley, Towards precision medicine, Nat. Rev. Genet. 17 (2016) 507-522,
https://doi.org/10.1038/NRG.2016.86.

A. Gonzélez-Dominguez, R. Gonzalez-Dominguez, How far are we from reliable
metabolomics-based biomarkers? The often-overlooked importance of addressing
inter-individual variability factors, Biochim. Biophys. Acta Mol. basis Dis. 1870
(2024), https://doi.org/10.1016/J.BBADIS.2023.166910.

X. Li, X. Feng, X. Sun, N. Hou, F. Han, Y. Liu, Global, regional, and national
burden of Alzheimer’s disease and other dementias, 1990-2019, Front. Aging
Neurosci. 14 (2022) 937486, https://doi.org/10.3389/FNAGIL.2022.937486/
BIBTEX.

P. Kodam, R. Sai Swaroop, S.S. Pradhan, V. Sivaramakrishnan, R. Vadrevu,
Integrated multi-omics analysis of Alzheimer’s disease shows molecular
signatures associated with disease progression and potential therapeutic targets,
Sci. Rep. 13 (2023), https://doi.org/10.1038/541598-023-30892-6.

C. Bruzzone, R. Conde, N. Embade, J.M. Mato, O. Millet, Metabolomics as a
powerful tool for diagnostic, pronostic and drug intervention analysis in COVID-
19, Front. Mol. Biosci. 10 (2023), https://doi.org/10.3389/
FMOLB.2023.1111482.

E.E. Balashova, D.L. Maslov, P.G. Lokhov, A metabolomics approach to
pharmacotherapy personalization, J. Person. Med. 8 (2018) 28, https://doi.org/
10.3390/JPM8030028.

V. Soni, N. Bartelo, A. Schweickart, Y. Chawla, A. Dutta, S. Jain, Future
perspectives of metabolomics: gaps, planning, and recommendations,
Metabolomics (2023) 479-512, https://doi.org/10.1007/978-3-031-39094-4_14.
N.L. Anderson, N.G. Anderson, The human plasma proteome: history, character,
and diagnostic prospects, Mol. Cell. Proteomics 1 (2002) 845-867, https://doi.
org/10.1074/MCP.R200007-MCP200.

L. Hood, J.R. Heath, M.E. Phelps, B. Lin, Systems biology and new technologies
enable predictive and preventative medicine, Science 306 (2004) 640-643,
https://doi.org/10.1126/SCIENCE.1104635.

A. Correa Rojo, D. Heylen, J. Aerts, O. Thas, J. Hooyberghs, G. Ertaylan,

D. Valkenborg, Towards building a quantitative proteomics toolbox in precision
medicine: a mini-review, Front. Physiol. 12 (2021), https://doi.org/10.3389/
FPHYS.2021.723510.

X. He, X. Liu, F. Zuo, H. Shi, J. Jing, Artificial intelligence-based multi-omics
analysis fuels cancer precision medicine, Semin. Cancer Biol. 88 (2023) 187-200,
https://doi.org/10.1016/J.SEMCANCER.2022.12.009.

K.J. Karczewski, M.P. Snyder, Integrative omics for health and disease, Nat. Rev.
Genet. 19 (2018) 299-310, https://doi.org/10.1038/NRG.2018.4.

M. Nikanjam, S. Kato, R. Kurzrock, Liquid biopsy: current technology and clinical
applications, J. Hematol. Oncol. 15 (2022), https://doi.org/10.1186/513045-
022-01351-Y.

B. Ricciuti, G. Jones, M. Severgnini, J.V. Alessi, G. Recondo, M. Lawrence,

T. Forshew, C. Lydon, M. Nishino, M. Cheng, M. Awad, Early plasma circulating
tumor DNA (ctDNA) changes predict response to first-line pembrolizumab-based
therapy in non-small cell lung cancer (NSCLC), J. Immunother. Cancer 9 (2021),
https://doi.org/10.1136/JITC-2020-001504.

M.C. Schwaederlé, S.P. Patel, H. Husain, M. Ikeda, R.B. Lanman, K.C. Banks, A.
A. Talasaz, L. Bazhenova, R. Kurzrock, Utility of genomic assessment of blood-
derived circulating tumor DNA (ctDNA) in patients with advanced lung



A. Coskun et al.

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

adenocarcinoma, Clin. Cancer Res. 23 (2017) 5101-5111, https://doi.org/
10.1158/1078-0432.CCR-16-2497.

C.L. Hodgkinson, C.J. Morrow, Y. Li, R.L. Metcalf, D.G. Rothwell, F. Trapani,

R. Polanski, D.J. Burt, K.L. Simpson, K. Morris, S.D. Pepper, D. Nonaka,

A. Greystoke, P. Kelly, B. Bola, M.G. Krebs, J. Antonello, M. Ayub, S. Faulkner,
L. Priest, L. Carter, C. Tate, C.J. Miller, F. Blackhall, G. Brady, C. Dive,
Tumorigenicity and genetic profiling of circulating tumor cells in small-cell lung
cancer, Nat. Med. 20 (2014) 897-903, https://doi.org/10.1038/NM.3600.

P. Reveglia, C. Paolillo, G. Ferretti, A. De Carlo, A. Angiolillo, R. Nasso,

M. Caputo, C. Matrone, A. Di Costanzo, G. Corso, Challenges in LC-MS-based
metabolomics for Alzheimer’s disease early detection: targeted approaches versus
untargeted approaches, Metabolomics 17 (2021), https://doi.org/10.1007/
S11306-021-01828-W.

M. Altuna-Azkargorta, M. Mendioroz-Iriarte, Blood biomarkers in Alzheimer’s
disease, Neurologia 36 (2018) 704-710, https://doi.org/10.1016/j.
nrl.2018.03.006.

R. Craig-Schapiro, M. Kuhn, C. Xiong, E.H. Pickering, J. Liu, T.P. Misko, R.

J. Perrin, K.R. Bales, H. Soares, A.M. Fagan, D.M. Holtzman, Multiplexed
immunoassay panel identifies novel CSF biomarkers for Alzheimer’s disease
diagnosis and prognosis, PLoS One 6 (2011), https://doi.org/10.1371/JOURNAL.
PONE.0018850.

C. Czech, P. Berndt, K. Busch, O. Schmitz, J. Wiemer, V. Most, H. Hampel,

J. Kastler, H. Senn, Metabolite profiling of Alzheimer’s disease cerebrospinal
fluid, PLoS One 7 (2012), https://doi.org/10.1371/JOURNAL.PONE.0031501.
Z. Zhang, H. Wang, Q. Yan, J. Cui, Y. Chen, S. Ruan, J. Yang, Z. Wu, M. Han,
S. Huang, Q. Zhou, C. Zhang, B. Hou, Genome-wide CRISPR/Cas9 screening for
drug resistance in tumors, Front. Pharmacol. 14 (2023) 1284610, https://doi.
org/10.3389/FPHAR.2023.1284610/BIBTEX.

S.J.C. Gosline, C. Tognon, M. Nestor, S. Joshi, R. Modak, A. Damnernsawad,

C. Posso, J. Moon, J.R. Hansen, C. Hutchinson-Bunch, J.C. Pino, M.A. Gritsenko,
K.K. Weitz, E. Traer, J. Tyner, B. Druker, A. Agarwal, P. Piehowski, J.

E. McDermott, K. Rodland, Proteomic and phosphoproteomic measurements
enhance ability to predict ex vivo drug response in AML, Clin. Proteomics 19
(2022), https://doi.org/10.1186/512014-022-09367-9.

G.A. Roth, G.A. Mensah, C.O. Johnson, G. Addolorato, E. Ammirati, L.

M. Baddour, N.C. Barengo, A. Beaton, E.J. Benjamin, C.P. Benziger, A. Bonny,
M. Brauer, M. Brodmann, T.J. Cahill, J.R. Carapetis, A.L. Catapano, S. Chugh, L.
T. Cooper, J. Coresh, M.H. Criqui, N.K. DeCleene, K.A. Eagle, S. Emmons-Bell, V.
L. Feigin, J. Fernandez-Sola, F.G.R. Fowkes, E. Gakidou, S.M. Grundy, F.J. He,
G. Howard, F. Hu, L. Inker, G. Karthikeyan, N.J. Kassebaum, W.J. Koroshetz,

C. Lavie, D. Lloyd-Jones, H.S. Lu, A. Mirijello, A.T. Misganaw, A.H. Mokdad, A.
E. Moran, P. Muntner, J. Narula, B. Neal, M. Ntsekhe, G.M.M. Oliveira, C.M. Otto,
M.O. Owolabi, M. Pratt, S. Rajagopalan, M.B. Reitsma, A.L.P. Ribeiro, N.

A. Rigotti, A. Rodgers, C.A. Sable, S.S. Shakil, K. Sliwa, B.A. Stark, J. Sundstrém,
P. Timpel, LI Tleyjeh, M. Valgimigli, T. Vos, P.K. Whelton, M. Yacoub, L.

J. Zuhlke, M. Abbasi-Kangevari, A. Abdi, A. Abedi, V. Aboyans, W.A. Abrha,

E. Abu-Gharbieh, A.I. Abushouk, D. Acharya, T. Adair, O.M. Adebayo, Z. Ademi,
S.M. Advani, K. Afshari, A. Afshin, G. Agarwal, P. Agasthi, S. Ahmad, S. Ahmadi,
M.B. Ahmed, B. Aji, Y. Akalu, W. Akande-Sholabi, A. Aklilu, C.J. Akunna,

F. Alahdab, A. Al-Eyadhy, K.F. Alhabib, S.M. Alif, V. Alipour, S.M. Aljunid,

F. Alla, A. Almasi-Hashiani, S. Almustanyir, R.M. Al-Raddadi, A.K. Amegah,

S. Amini, A. Aminorroaya, H. Amu, D.A. Amugsi, R. Ancuceanu, D. Anderlini,
T. Andrei, C.L. Andrei, A. Ansari-Moghaddam, Z.A. Anteneh, 1.C. Antonazzo,

B. Antony, R. Anwer, L.T. Appiah, J. Arabloo, J. Arnl6v, K.D. Artanti, Z. Ataro,
M. Ausloos, L. Avila-Burgos, A.T. Awan, M.A. Awoke, H.T. Ayele, M.A. Ayza,

S. Azari, B.B. Darshan, N. Baheiraei, A.A. Baig, A. Bakhtiari, M. Banach, P.

C. Banik, E.A. Baptista, M.A. Barboza, L. Barua, S. Basu, N. Bedi, Y. Béjot, D.
A. Bennett, .M. Bensenor, A.E. Berman, Y.M. Bezabih, A.S. Bhagavathula,

S. Bhaskar, K. Bhattacharyya, A. Bijani, B. Bikbov, M.M. Birhanu, A. Boloor, L.
C. Brant, H. Brenner, N.I. Briko, Z.A. Butt, F.L.C. dos Santos, L.E. Cahill,

L. Cahuana-Hurtado, L.A. Camera, I.R. Campos-Nonato, C. Cantu-Brito, J. Car, J.
J. Carrero, F. Carvalho, C.A. Castaneda-Orjuela, F. Catala-Lépez, E. Cerin,

J. Charan, V.K. Chattu, S. Chen, K.L. Chin, J.Y.J. Choi, D.T. Chu, S.C. Chung,
M. Cirillo, S. Coffey, S. Conti, V.M. Costa, D.K. Cundiff, O. Dadras, B. Dagnew,
X. Dai, A.A.M. Damasceno, L. Dandona, R. Dandona, K. Davletov, V. de la Cruz-
Gongora, F.P. de la Hoz, J.W. de Neve, E. Denova-Gutiérrez, M.D. Molla, B.

T. Derseh, R. Desai, G. Deuschl, S.D. Dharmaratne, M. Dhimal, R.R. Dhungana,
M. Dianatinasab, D. Diaz, S. Djalalinia, K. Dokova, A. Douiri, B.B. Duncan, A.
R. Duraes, A.W. Eagan, S. Ebtehaj, A. Eftekhari, S. Eftekharzadeh,

M. Ekholuenetale, N. El Nahas, 1.Y. Elgendy, M. Elhadi, S.I. El-Jaafary,

S. Esteghamati, A.E. Etisso, O. Eyawo, 1. Fadhil, E.J.A. Faraon, P.S. Faris,

M. Farwati, F. Farzadfar, E. Fernandes, C.F. Prendes, P. Ferrara, 1. Filip, F. Fischer,
D. Flood, T. Fukumoto, M.M. Gad, S. Gaidhane, M. Ganji, J. Garg, A.K. Gebre, B.
G. Gebregiorgis, K.Z. Gebregzabiher, G.G. Gebremeskel, L. Getacher, A.G. Obsa,
A. Ghajar, A. Ghashghaee, N. Ghith, S. Giampaoli, S.A. Gilani, P.S. Gill, R.

F. Gillum, E.V. Glushkova, E.V. Gnedovskaya, M. Golechha, K.B. Gonfa, A.

H. Goudarzian, A.C. Goulart, J.S. Guadamuz, A. Guha, Y. Guo, R. Gupta,

V. Hachinski, N. Hafezi-Nejad, T.G. Haile, R.R. Hamadeh, S. Hamidi, G.J. Hankey,
A. Hargono, R.K. Hartono, M. Hashemian, A. Hashi, S. Hassan, H.Y. Hassen, R.
J. Havmoeller, S.I. Hay, K. Hayat, G. Heidari, C. Herteliu, R. Holla, M. Hosseini,
M. Hosseinzadeh, M. Hostiuc, S. Hostiuc, M. Househ, J. Huang, A. Humayun,

1. Tavicoli, C.U. Ibeneme, S.E. Ibitoye, O.S. Ilesanmi, I.M. Ilic, M.D. Ilic, U. Igbal, S.
S.N. Irvani, S.M.S. Islam, R.M. Islam, H. Iso, M. Iwagami, V. Jain, T. Javaheri, S.
K. Jayapal, S. Jayaram, R. Jayawardena, P. Jeemon, R.P. Jha, J.B. Jonas,

J. Jonnagaddala, F. Joukar, J.J. Jozwiak, M. Jiirisson, A. Kabir, T. Kahlon,

R. Kalani, R. Kalhor, A. Kamath, I. Kamel, H. Kandel, A. Kandel, A. Karch, A.

15

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

BBA - Molecular Basis of Disease 1870 (2024) 167339

S. Kasa, P.D.M.C. Katoto, G.A. Kayode, Y.S. Khader, M. Khammarnia, M.S. Khan,
M.N. Khan, M. Khan, E.A. Khan, K. Khatab, G.M.A. Kibria, Y.J. Kim, G.R. Kim, R.
W. Kimokoti, S. Kisa, A. Kisa, M. Kivimaki, D. Kolte, A. Koolivand, V.

A. Korshunov, S.L.K. Laxminarayana, A. Koyanagi, K. Krishan,

V. Krishnamoorthy, B.K. Defo, B.K. Bicer, V. Kulkarni, G.A. Kumar, N. Kumar, O.
P. Kurmi, D. Kusuma, G.F. Kwan, C. la Vecchia, B. Lacey, T. Lallukka, Q. Lan,
S. Lasrado, Z.S. Lassi, P. Lauriola, W.R. Lawrence, A. Laxmaiah, K.E. LeGrand, M.
C. Li, B. Li, S. Li, S.S. Lim, L.L. Lim, H. Lin, Z. Lin, R.T. Lin, X. Liu, A.D. Lopez,
S. Lorkowski, P.A. Lotufo, A. Lugo, K.M. Nirmal, F. Madotto, M. Mahmoudi,

A. Majeed, R. Malekzadeh, A.A. Malik, A.A. Mamun, N. Manafi, M.A. Mansournia,
L.G. Mantovani, S. Martini, M.R. Mathur, G. Mazzaglia, S. Mehata, M.

M. Mehndiratta, T. Meier, R.G. Menezes, A. Meretoja, T. Mestrovic,

B. Miazgowski, T. Miazgowski, I.M. Michalek, T.R. Miller, E.M. Mirrakhimov,
H. Mirzaei, B. Moazen, M. Moghadaszadeh, Y. Mohammad, D.K. Mohammad,
S. Mohammed, M.A. Mohammed, Y. Mokhayeri, M. Molokhia, A.A. Montasir,
G. Moradi, R. Moradzadeh, P. Moraga, L. Morawska, I.M. Veldsquez, J. Morze,
S. Mubarik, W. Muruet, K.I. Musa, A.J. Nagarajan, M. Nalini, V. Nangia, A.

A. Naqvi, S.N. Swamy, B.R. Nascimento, V.C. Nayak, J. Nazari, M. Nazarzadeh, R.
1. Negoi, S.N. Kandel, H.L.T. Nguyen, M.R. Nixon, B. Norrving, J.J. Noubiap, B.
E. Nouthe, C. Nowak, 0.0. Odukoya, F.A. Ogbo, A.T. Olagunju, H. Orru, A. Ortiz,
S.M. Ostroff, J.R. Padubidri, R. Palladino, A. Pana, S. Panda-Jonas, U. Parekh, E.
C. Park, M. Parvizi, F.P. Kan, U.K. Patel, M. Pathak, R. Paudel, V.C.F. Pepito,
A. Perianayagam, N. Perico, H.Q. Pham, T. Pilgrim, M.A. Piradov, F. Pishgar,
V. Podder, R.V. Polibin, A. Pourshams, D.R.A. Pribadi, N. Rabiee, M. Rabiee,

A. Radfar, A. Rafiei, F. Rahim, V. Rahimi-Movaghar, M.H.U. Rahman, M.

A. Rahman, A.M. Rahmani, I. Rakovac, P. Ram, S. Ramalingam, J. Rana,

P. Ranasinghe, S.J. Rao, P. Rathi, L. Rawal, W.F. Rawasia, R. Rawassizadeh,

G. Remuzzi, A.M.N. Renzaho, A. Rezapour, S.M. Riahi, R.L. Roberts-Thomson,
L. Roever, P. Rohloff, M. Romoli, G. Roshandel, G.M. Rwegerera, S. Saadatagah,
M.M. Saber-Ayad, S. Sabour, S. Sacco, M. Sadeghi, S.S. Moghaddam, S. Safari,
A. Sahebkar, S. Salehi, H. Salimzadeh, M. Samaei, A.M. Samy, L.S. Santos, M.
M. Santric-Milicevic, N. Sarrafzadegan, A. Sarveazad, T. Sathish, M. Sawhney,
M. Saylan, M.I. Schmidt, A.E. Schutte, S. Senthilkumaran, S.G. Sepanlou, F. Sha,
S. Shahabi, I. Shahid, M.A. Shaikh, M. Shamali, M. Shamsizadeh, M.S.R. Shawon,
A. Sheikh, M. Shigematsu, M.J. Shin, J. Il Shin, R. Shiri, I. Shiue, K. Shuval,

S. Siabani, T.J. Siddiqi, D.A.S. Silva, J.A. Singh, A. Singh, V.Y. Skryabin, A.

A. Skryabina, A. Soheili, E.E. Spurlock, L. Stockfelt, S. Stortecky, S. Stranges, R.
S. Abdulkader, H. Tadbiri, E.G. Tadesse, D.B. Tadesse, M. Tajdini,

M. Tariqujjaman, B.F. Teklehaimanot, M.H. Temsah, A.K. Tesema, B. Thakur, K.
R. Thankappan, R. Thapar, A.G. Thrift, B. Timalsina, M. Tonelli, M. Touvier, M.
R. Tovani-Palone, A. Tripathi, J.P. Tripathy, T.C. Truelsen, G.M. Tsegay, G.

W. Tsegaye, N. Tsilimparis, B.S. Tusa, S. Tyrovolas, K.K. Umapathi, B. Unim,

B. Unnikrishnan, M.S. Usman, M. Vaduganathan, P.R. Valdez, T.J. Vasankari, D.
Z. Velazquez, N. Venketasubramanian, G.T. Vu, L.S. Vujcic, Y. Waheed, Y. Wang,
F. Wang, J. Wei, R.G. Weintraub, A.H. Weldemariam, R. Westerman, A.

S. Winkler, C.S. Wiysonge, C.D.A. Wolfe, B.L. Wubishet, G. Xu, A. Yadollahpour,
K. Yamagishi, L.L. Yan, S. Yandrapalli, Y. Yano, H. Yatsuya, T.Y. Yeheyis,

Y. Yeshaw, C.S. Yilgwan, N. Yonemoto, C. Yu, H. Yusefzadeh, G. Zachariah, S. Bin
Zaman, M.S. Zaman, M. Zamanian, R. Zand, A. Zandifar, A. Zarghi, M.

S. Zastrozhin, A. Zastrozhina, Z.J. Zhang, Y. Zhang, W. Zhang, C. Zhong, Z. Zou,
Y.M.H. Zuniga, C.J.L. Murray, V. Fuster, Global burden of cardiovascular diseases
and risk factors, 1990-2019: update from the GBD 2019 study, J. Am. Coll.
Cardiol. 76 (2020) 2982-3021, https://doi.org/10.1016/J.JACC.2020.11.010.
Z. Wang, W.H.W. Tang, J.A. Buffa, X. Fu, E.B. Britt, R.A. Koeth, B.S. Levison,
Y. Fan, Y. Wu, S.L. Hazen, Prognostic value of choline and betaine depends on
intestinal microbiota-generated metabolite trimethylamine-N-oxide, Eur. Heart J.
35 (2014) 904-910, https://doi.org/10.1093/EURHEARTJ/EHUO002.

Z. Wang, E. Klipfell, B.J. Bennett, R. Koeth, B.S. Levison, B. Dugar, A.E. Feldstein,
E.B. Britt, X. Fu, Y.M. Chung, Y. Wu, P. Schauer, J.D. Smith, H. Allayee, W.H.W.
Tang, J.A. Didonato, A.J. Lusis, S.L. Hazen, Gut flora metabolism of
phosphatidylcholine promotes cardiovascular disease, Nature 472 (2011) 57-63.
doi:https://doi.org/10.1038/nature09922.

A.M. Wiedeman, S.I. Barr, T.J. Green, Z. Xu, S.M. Innis, D.D. Kitts, Dietary choline
intake: current state of knowledge across the life cycle, Nutrients 10 (2018),
https://doi.org/10.3390/NU10101513.

T. Kiihn, S. Rohrmann, D. Sookthai, T. Johnson, V. Katzke, R. Kaaks, A. Von
Eckardstein, D. Miiller, Intra-individual variation of plasma trimethylamine-N-
oxide (TMAO), betaine and choline over 1 year, Clin. Chem. Lab. Med. 55 (2017)
261-268, https://doi.org/10.1515/CCLM-2016-0374.

AM. Wiedeman, R.A. Dyer, T.J. Green, Z. Xu, S.I. Barr, S.M. Innis, D.D. Kitts,
Variations in plasma choline and metabolite concentrations in healthy adults,
Clin. Biochem. 60 (2018) 77-83, https://doi.org/10.1016/J.
CLINBIOCHEM.2018.08.002.

M.A. Alghamdi, A.N. Fallica, N. Virzi, P. Kesharwani, V. Pittala, K. Greish, The
promise of nanotechnology in personalized medicine, J. Pers. Med. 12 (5) (2022)
673, https://doi.org/10.3390/jpm12050673. Apr 22; PMID: 35629095; PMCID:
PMC9142986.

D. Rosenblum, D. Peer, Omics-based nanomedicine: the future of personalized
oncology, Cancer Lett. 352 (1) (2014) 126-136, https://doi.org/10.1016/j.
canlet.2013.07.029. Sep 28; Epub 2013 Aug 11. PMID: 23941830.

Y. Abdelkader, L. Perez-Davalos, R. LeDuc, R.P. Zahedi, H.I. Labouta, Omics
approaches for the assessment of biological responses to nanoparticles, Adv. Drug
Deliv. Rev. 200 (2023), https://doi.org/10.1016/J.ADDR.2023.114992.

L. Digiacomo, F. Giulimondi, D. Pozzi, A. Coppola, V. La Vaccara, D. Caputo,

G. Caracciolo, A proteomic study on the personalized protein corona of liposomes.
Relevance for early diagnosis of pancreatic DUCTAL adenocarcinoma and



A. Coskun et al.

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

biomarker detection, J. Nanother. 2 (2021) 82-93, https://doi.org/10.3390/
JNT2020006.

X. Wang, W. Xu, J. Li, Chen Shi, Y. Guo, J. Shan, R. Qi, Nano-omics: frontier fields
of fusion of nanotechnology, Smart Med. 2 (2023) 20230039, https://doi.org/
10.1002/SMMD.20230039.

L. Gardner, K. Kostarelos, P. Mallick, C. Dive, M. Hadjidemetriou, Nano-omics:
nanotechnology-based multidimensional harvesting of the blood-circulating
cancerome, Nat. Rev. Clin. Oncol. 19 (2022) 551-561, https://doi.org/10.1038/
541571-022-00645-x.

Z. Yaari, Y. Yang, E. Apfelbaum, C. Cupo, A.H. Settle, Q. Cullen, W. Cai, K.

L. Roche, D.A. Levine, M. Fleisher, L. Ramanathan, M. Zheng, A. Jagota, D.

A. Heller, A perception-based nanosensor platform to detect cancer biomarkers,
Sci. Adv. 7 (2021) 852, https://doi.org/10.1126/SCIADV.ABJ0852/SUPPL FILE/
SCIADV.ABJ0852_SM.PDF.

S. Goswami, P. Samanta, M.D. Adhikari, Nanobiotechnology: a smart platform of
the future transform liquid biopsy era, J. Liq. Biopsy 3 (2024) 100137, https://
doi.org/10.1016/j.j1b.2024.100137.

Z. Deng, S. Wu, Y. Wang, D. Shi, Circulating tumor cell isolation for cancer
diagnosis and prognosis, EBioMedicine 83 (2022), https://doi.org/10.1016/J.
EBIOM.2022.104237.

D. Kumar, M. Moghiseh, K. Chitcholtan, I. Mutreja, C. Lowe, A. Kaushik, A. Butler,
P. Sykes, N. Anderson, A. Raja, LHRH conjugated gold nanoparticles assisted
efficient ovarian cancer targeting evaluated via spectral photon-counting CT
imaging: a proof-of-concept research, J. Mater. Chem. B 11 (2023) 1916-1928,
https://doi.org/10.1039/D2TB02416K.

B.W.C. Tse, G.J. Cowin, C. Soekmadji, L. Jovanovic, R.S. Vasireddy, M.T. Ling,
A. Khatri, T. Liu, B. Thierry, P.J. Russell, PSMA-targeting iron oxide magnetic
nanoparticles enhance MRI of preclinical prostate cancer, Nanomedicine 10
(2015) 375-386, https://doi.org/10.2217/NNM.14.122.

Y. Chang, D.H. Kim, K. Zhou, M.G. Jeong, S. Park, Y. Kwon, T.M. Hong, J. Noh, S.
H. Ryu, Improved resolution in single-molecule localization microscopy using
QD-PAINT, Exper. Mol. Med. 53 (2021) 384-392. doi:https://doi.org/10.1038
/s12276-021-00572-4.

Y.-T. Wu, X. Qiu, S. Lindbo, K. Susumu, L.L. Medintz, S. Hober, N. Hildebrandt,
Y. Wu, X. Qiu, N. Hildebrandt, S. Lindbo, S. Hober, K. Susumu, Quantum dot-
based FRET immunoassay for HER2 using ultrasmall affinity proteins, Small 14
(2018) 1802266, https://doi.org/10.1002/SMLL.201802266.

Y. Wang, R. Li, W. Shu, X. Chen, Y. Lin, J. Wan, Designed nanomaterials-assisted
proteomics and metabolomics analysis for in vitro diagnosis, Small Methods 8
(2024) 2301192, https://doi.org/10.1002/SMTD.202301192.

D. Schumacher, R. Kramann, Multiomic spatial mapping of myocardial infarction
and implications for personalized therapy, Arterioscler. Thromb. Vasc. Biol. 43
(2023) 192-202, https://doi.org/10.1161/ATVBAHA.122.318333.

W.Y. Wu, Z.P. Bian, W. Wang, W. Wang, J.J. Zhu, PDMS gold nanoparticle
composite film-based silver enhanced colorimetric detection of cardiac troponin I,
Sensors Actuators B Chem. 147 (2010) 298-303, https://doi.org/10.1016/J.
SNB.2010.03.027.

M. Karam, D. Fahs, B. Maatouk, B. Safi, A.A. Jaffa, R. Mhanna, Polymeric
nanoparticles in the diagnosis and treatment of myocardial infarction: challenges
and future prospects, Mater. Today Bio. 14 (2022) 100249, https://doi.org/
10.1016/J.MTBIO.2022.100249.

K. Prigent, J. Vigne, Advances in radiopharmaceutical sciences for vascular
inflammation imaging: focus on clinical applications, Molecules 26 (2021) 7111,
https://doi.org/10.3390/MOLECULES26237111.

S. De, D. Klenerman, Imaging individual protein aggregates to follow aggregation
and determine the role of aggregates in neurodegenerative disease, Biochim.
Biophys. Acta Proteins Proteom. 1867 (10) (2019) 870-878, https://doi.org/
10.1016/j.bbapap.2018.12.010. Oct; Epub 2019 Jan 3. PMID: 30611780; PMCID:
PMC6676340.

E.R. Cintra, T.G. Hayasaki, A.A. Sousa-Junior, A.C.G. Silva, M.C. Valadares, A.
F. Bakuzis, S.A. Mendanha, E.M. Lima, Folate-targeted PEGylated
magnetoliposomes for hyperthermia-mediated controlled release of doxorubicin,
Front. Pharmacol. 13 (2022) 854430, https://doi.org/10.3389/
FPHAR.2022.854430/BIBTEX.

R. Siddique, M.H. Mehmood, M. Haris, A. Saleem, Z. Chaudhry, Promising role of
polymeric nanoparticles in the treatment of rheumatoid arthritis,
Inflammopharmacology 30 (2022) 1207-1218, https://doi.org/10.1007/S10787-
022-00997-X/FIGURES/3.

J.R. Sempionatto, J.A. Lasalde-Ramirez, K. Mahato, J. Wang, W. Gao, Wearable
chemical sensors for biomarker discovery in the omics era, Nat. Rev. Chem. 6
(2022) 899-915, https://doi.org/10.1038/s41570-022-00439-w.

M. Khazaei, M.S. Hosseini, A.M. Haghighi, M. Misaghi, Nanosensors and their
applications in early diagnosis of cancer, Sens. Biosensing Res. 41 (2023) 100569,
https://doi.org/10.1016/J.SBSR.2023.100569.

D. Mandal, B.B. Nunna, S. Zhuang, S. Rakshit, E.S. Lee, Carbon nanotubes based
biosensor for detection of cancer antigens (CA-125) under shear flow condition,
Nano-Struct. Nano-Obj. 15 (2018) 180-185, https://doi.org/10.1016/J.
NANOSO.2017.09.013.

F. Sola, M. Montanari, M. Fiorani, C. Barattini, C. Ciacci, S. Burattini, D. Lopez,
A. Ventola, L. Zamai, C. Ortolani, S. Papa, B. Canonico, Fluorescent silica
nanoparticles targeting mitochondria: trafficking in myeloid cells and application
as doxorubicin delivery system in breast cancer cells, Int. J. Mol. Sci. 23 (2022)
3069, https://doi.org/10.3390/1JMS23063069/S1.

R.V. John, T. Devasiya, V.R. Nidheesh, S. Adigal, J. Lukose, V.B. Kartha,

S. Chidangil, Cardiovascular biomarkers in body fluids: progress and prospects in

16

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

BBA - Molecular Basis of Disease 1870 (2024) 167339

optical sensors, Biophys. Rev. 14 (2022) 1023-1050, https://doi.org/10.1007/
$12551-022-00990-2.

K. Yoganathan, N. Malek, E. Torzillo, M. Paranathala, J. Greene, Neurological
update: structural and functional imaging in epilepsy surgery, J. Neurol. 270
(2023) 2798-2808, https://doi.org/10.1007/500415-023-11619-Z/TABLES/2.
F. Bagnato, S.A. Gauthier, C. Laule, G.R.W. Moore, R. Bove, Z. Cai, J. Cohen-Adad,
D.M. Harrison, E.C. Klawiter, S.A. Morrow, G. Oz, W.D. Rooney, S.A. Smith, P.
A. Calabresi, R.G. Henry, J. Oh, D. Ontaneda, D. Pelletier, D.S. Reich, R.

T. Shinohara, N.L. Sicotte, Imaging mechanisms of disease progression in multiple
sclerosis: beyond brain atrophy, J. Neuroimaging 30 (2020) 251-266, https://doi.
org/10.1111/JON.12700.

M. Zhang, W. Sun, Z. Guan, J. Hu, B. Li, G. Ye, H. Meng, X. Huang, X. Lin,

J. Wang, J. Liu, B. Li, Y. Zhang, Y. Li, Simultaneous PET/fMRI detects distinctive
alterations in functional connectivity and glucose metabolism of precuneus
subregions in Alzheimer’s disease, Front. Aging Neurosci. 13 (2021) 737002,
https://doi.org/10.3389/FNAGI.2021.737002/BIBTEX.

M. Hadjidemetriou, J. Rivers-Auty, L. Papafilippou, J. Eales, K.A.B. Kellett, N.
M. Hooper, C.B. Lawrence, K. Kostarelos, Nanoparticle-enabled enrichment of
longitudinal blood proteomic fingerprints in Alzheimer’s disease, ACS Nano 15
(2021) 7357-7369, https://doi.org/10.1021/ACSNANO.1C00658/ASSET/
IMAGES/LARGE/NN1C00658_0004.JPEG.

B.B. Yola, C. Karaman, N. Ozcan, N. Atar, I. Polat, M.L. Yola, Electrochemical tau
protein immunosensor based on MnS/GO/PANI and magnetite-incorporated gold
nanoparticles, Electroanalysis 34 (2022) 1519-1528, https://doi.org/10.1002/
ELAN.202200159.

S. Yan, C. Zheng, B. Cui, Z. Qi, Z. Zhao, Y. An, L. Qiao, Y. Han, Y. Zhou, J. Lu,
Multiparametric imaging hippocampal neurodegeneration and functional
connectivity with simultaneous PET/MRI in Alzheimer’s disease, Eur. J. Nucl.
Med. Mol. Imaging 47 (2020) 2440-2452, https://doi.org/10.1007/500259-020-
04752-8/TABLES/4.

X. Chen, L. Chen, S. Zheng, H. Wang, Y. Dai, Z. Chen, R. Huang, Disrupted brain
connectivity networks in aphasia revealed by resting-state fMRI, Front. Aging
Neurosci. 13 (2021) 666301, https://doi.org/10.3389/FNAGI.2021.666301/
BIBTEX.

E.L. Werry, F.M. Bright, O. Piguet, L.M. Ittner, G.M. Halliday, J.R. Hodges, M.
C. Kiernan, C.T. Loy, J.J. Kril, M. Kassiou, Recent developments in TSPO PET
imaging as a biomarker of neuroinflammation in neurodegenerative disorders,
Int. J. Mol. Sci. 20 (2019) 3161, https://doi.org/10.3390/1JMS20133161.

X. Wen, H. Py, Q. Liu, Z. Guo, D. Luo, Circulating tumor DNA—a novel biomarker
of tumor progression and its favorable detection techniques, Cancers 14 (2022)
6025, https://doi.org/10.3390/CANCERS14246025.

M. Jiang, S. Jin, J. Han, T. Li, J. Shi, Q. Zhong, W. Li, W. Tang, Q. Huang, H. Zong,
Detection and clinical significance of circulating tumor cells in colorectal cancer,
Biomark. Res. 9 (2021) 1-20, https://doi.org/10.1186/540364-021-00326-4.

K. Guo, N. Xiao, Y. Liu, Z. Wang, J. Téth, J. Gyenis, V.K. Thakur, A. Oyane, Q.T.
H. Shubhra, Engineering polymer nanoparticles using cell membrane coating
technology and their application in cancer treatments: opportunities and
challenges, Nano Mater. Sci. 4 (2022) 295-321, https://doi.org/10.1016/J.
NANOMS.2021.12.001.

M.H. Mohd-Zahid, S.N. Zulkifli, C.A. Che Abdullah, J. Lim, S. Fakurazi, K.

K. Wong, A.D. Zakaria, N. Ismail, V. Uskokovi¢, R. Mohamud, Z.A. Iskandar, Gold
nanoparticles conjugated with anti-CD133 monoclonal antibody and 5-fluoro-
uracil chemotherapeutic agent as nanocarriers for cancer cell targeting, RSC Adv.
11 (2021) 16131-16141, https://doi.org/10.1039/D1RA01093J.

F.H. Kobeissy, B. Gulbakan, A. Alawieh, P. Karam, Z. Zhang, J.D. Guingab-
Cagmat, S. Mondello, W. Tan, J. Anagli, K. Wang, Post-genomics nanotechnology
is gaining momentum: nanoproteomics and applications in life sciences, OMICS
18 (2014) 111-131, https://doi.org/10.1089/0MI1.2013.0074.

S.G. Alonso, . de la Torre Diez, B.G. Zapirain, Predictive, personalized, preventive
and participatory (4P) medicine applied to telemedicine and eHealth in the
literature, J. Med. Syst. 43 (2019), https://doi.org/10.1007/510916-019-1279-4.
P. Sobradillo, F. Pozo, A. Agusti, Medicina P4: el futuro a la vuelta de la Esquina,
Arch. Bronconeumol. 47 (2011) 35-40, https://doi.org/10.1016/J.
ARBRES.2010.09.009.

R. Chen, G.I. Mias, J. Li-Pook-Than, L. Jiang, H.Y.K. Lam, R. Chen, E. Miriami, K.
J. Karczewski, M. Hariharan, F.E. Dewey, Y. Cheng, M.J. Clark, H. Im,

L. Habegger, S. Balasubramanian, M. O’Huallachain, J.T. Dudley, S. Hillenmeyer,
R. Haraksingh, D. Sharon, G. Euskirchen, P. Lacroute, K. Bettinger, A.P. Boyle,
M. Kasowski, F. Grubert, S. Seki, M. Garcia, M. Whirl-Carrillo, M. Gallardo, M.
A. Blasco, P.L. Greenberg, P. Snyder, T.E. Klein, R.B. Altman, A.J. Butte, E.

A. Ashley, M. Gerstein, K.C. Nadeau, H. Tang, M. Snyder, Personal omics profiling
reveals dynamic molecular and medical phenotypes, Cell 148 (2012) 1293-1307,
https://doi.org/10.1016/J.CELL.2012.02.009.

J. Li-Pook-Than, M. Snyder, iPOP goes the world: integrated personalized omics
profiling and the road toward improved health care, Chem. Biol. 20 (2013)
660-666, https://doi.org/10.1016/J.CHEMBIOL.2013.05.001.

S.M. Schiissler-Fiorenza Rose, K. Contrepois, K.J. Moneghetti, W. Zhou, T. Mishra,
S. Mataraso, O. Dagan-Rosenfeld, A.B. Ganz, J. Dunn, D. Hornburg, S. Rego,

D. Perelman, S. Ahadi, M.R. Sailani, Y. Zhou, S.R. Leopold, J. Chen, M. Ashland, J.
W. Christle, M. Avina, P. Limcaoco, C. Ruiz, M. Tan, A.J. Butte, G.M. Weinstock,
G.M. Slavich, E. Sodergren, T.L. McLaughlin, F. Haddad, M.P. Snyder,

A longitudinal big data approach for precision health, Nat. Med. 25 (2019)
792-804, https://doi.org/10.1038/541591-019-0414-6.

Y. Hasin, M. Seldin, A. Lusis, Multi-omics approaches to disease, Genome Biol. 18
(2017) 1-15, https://doi.org/10.1186,/513059-017-1215-1.



A. Coskun et al.

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

S. Ahadi, W. Zhou, S.M. Schiissler-Fiorenza Rose, M.R. Sailani, K. Contrepois,
M. Avina, M. Ashland, A. Brunet, M. Snyder, Personal aging markers and
ageotypes revealed by deep longitudinal profiling, Nat. Med. 26 (2020) 83-90,
https://doi.org/10.1038/541591-019-0719-5.

N.D. Price, A.T. Magis, J.C. Earls, G. Glusman, R. Levy, C. Lausted, D.

T. McDonald, U. Kusebauch, C.L. Moss, Y. Zhou, S. Qin, R.L. Moritz, K. Brogaard,
G.S. Omenn, J.C. Lovejoy, L. Hood, A wellness study of 108 individuals using
personal, dense, dynamic data clouds, Nat. Biotechnol. 35 (2017) 747-756,
https://doi.org/10.1038/NBT.3870.

K. Trachana, R. Bargaje, G. Glusman, N.D. Price, S. Huang, L.E. Hood, Taking
systems medicine to heart, Circ. Res. 122 (2018) 1276-1289, https://doi.org/
10.1161/CIRCRESAHA.117.310999.

H. Kaur, Y. Singh, S. Singh, R.B. Singh, Gut microbiome-mediated epigenetic
regulation of brain disorder and application of machine learning for multi-omics
data analysis, Genome 64 (2021) 355-371, https://doi.org/10.1139/GEN-2020-
0136.

J. Wu, S.S. Singleton, U. Bhuiyan, L. Krammer, R. Mazumder, Multi-omics
approaches to studying gastrointestinal microbiome in the context of precision
medicine and machine learning, Front. Mol. Biosci. 10 (2023) 1337373, https://
doi.org/10.3389/FMOLB.2023.1337373/BIBTEX.

H.A. Adeola, 0.0. Soyele, A.O. Adefuye, S.A. Jimoh, A. Butali, Omics-based
molecular techniques in oral pathology centred cancer: prospect and challenges in
Africa, Cancer Cell Int. 17 (2017), https://doi.org/10.1186/512935-017-0432-8.
1. Subramanian, S. Verma, S. Kumar, A. Jere, K. Anamika, Multi-omics data
integration, interpretation, and its application, Bioinform. Biol. Insights 14
(2020), https://doi.org/10.1177/1177932219899051.

S. Mathur, J. Sutton, Personalized medicine could transform healthcare, Biomed.
Rep. 7 (2017) 3-5, https://doi.org/10.3892/BR.2017.922.

Personalized Medicine at FDA: The Scope & Significance of Progress in 2022,
Foley & Lardner LLP (n.d.). https://www.foley.com/insights/publications/2023/
03/personalized-medicine-fda-scope-progress-2022/ (accessed March 18, 2024).

17

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

BBA - Molecular Basis of Disease 1870 (2024) 167339

Y. Ucal, A. Coskun, A. Ozpinar, Quality will determine the future of mass
spectrometry imaging in clinical laboratories: the need for standardization, Expert
Rev. Proteomics 16 (2019) 521-532, https://doi.org/10.1080/
14789450.2019.1624165.

F.R. Pinu, D.J. Beale, A.M. Paten, K. Kouremenos, S. Swarup, H.J. Schirra,

D. Wishart, Systems biology and multi-omics integration: viewpoints from the
metabolomics research community, Metabolites 9 (2019), https://doi.org/
10.3390/METABO9040076.

G. Cammarota, G. laniro, A. Ahern, C. Carbone, A. Temko, M.J. Claesson,

A. Gasbarrini, G. Tortora, Gut microbiome, big data and machine learning to
promote precision medicine for cancer, Nat. Rev. Gastroenterol. Hepatol. 17
(2020) 635-648, https://doi.org/10.1038/541575-020-0327-3.

M. Babu, M. Snyder, Multi-omics profiling for health, Mol. Cell. Proteomics 22
(2023), https://doi.org/10.1016/J.MCPRO.2023.100561.

P. Guha, S. Dutta, K. Murti, J. Karan Charan, K. Pandey, V. Ravichandiran,

S. Dhingra, The Integration of omics: a promising approach to personalized
tuberculosis treatment, Med. Omics (2024) 100033, https://doi.org/10.1016/J.
MEOMIC.2024.100033.

C. Chen, J. Wang, D. Pan, X. Wang, Y. Xu, J. Yan, L. Wang, X. Yang, M. Yang, G.
P. Liu, Applications of multi-omics analysis in human diseases, Med. Commun. 4
(2023), https://doi.org/10.1002/MCO2.315.

M. Hassan, F.M. Awan, A. Naz, E.J. Deandrés-Galiana, O. Alvarez, A. Cernea,

L. Fernandez-Brillet, J.L. Fernandez-Martinez, A. Kloczkowski, Innovations in
genomics and big data analytics for personalized medicine and health care: a
review, Int. J. Mol. Sci. 23 (2022), https://doi.org/10.3390/1JMS23094645.

Z. Ahmed, Practicing precision medicine with intelligently integrative clinical and
multi-omics data analysis, Hum. Genomics 14 (2020), https://doi.org/10.1186/
S40246-020-00287-Z.

A. Kedaigle, E. Fraenkel, Turning omics data into therapeutic insights, Curr. Opin.
Pharmacol. 42 (2018) 95-101, https://doi.org/10.1016/J.COPH.2018.08.006.



