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 Biological and biomedical research, like many estab-
lished human activities, is based on conventions and 
practices that become standardized over time. Many 
of these conventions are decades old and do not ac-
count for the great advances in knowledge resulting 
from modern research. Some of the main practices 
of biomedical research are discussed herein, in an 
attempt to initiate a dialogue in the nutrition com-
munity about new concepts for personalized nutrition 
and health. 

 The Design of Experiments 

 The design of biomedical research experiments rests 
on standards developed almost 100 years ago. The 
methodology was codifi ed in RA Fisher’s  The Design 
of Experiments  [12] a 1935 treatise that described the 
key elements of good research protocols. These bench-
marks are a valued requisite for determining the qual-
ity of experimental results and Fisher’s experimental 
design is now considered the gold standard for human 

  Abstract:  The progress in and success of biomedical research over the past century was built on the 
foundation outlined in R.A. Fisher’s  The Design of Experiments  (1935), which described the theory and 
methodological approach to designing research studies. A key tenet of Fisher’s treatise, widely adopted 
by the research community, is randomization, the process of assigning individuals to random groups or 
treatments. Comparing outcomes or responses between these groups yields “risk factors” called population 
attributable risks (PAR), which are statistical estimates of the percentage reduction in disease if the risk 
were avoided or in the case of genetic associations, if the gene variant were not present  in the population .  
 High throughput metabolomics, proteomic and genomic technologies provide 21st century data that 
humans cannot be randomized into groups: individuals are genetically and biochemically distinct.  Gene 
– environment interactions caused by unique dietary and lifestyle factors contribute to heterogeneity in 
physiologies observed in human studies. The risk factors determined for populations (i.e., PAR) cannot 
be applied to the individual.  Developing individual risk or benefi t factors in light of the genetic diver-
sity of human populations, the complexity of foods, culture and lifestyle, and the variety of metabolic 
processes that lead to health or disease are signifi cant challenges for personalizing dietary advice for 
healthy or medical treatments for individuals with chronic disease. 
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biomedical research studies. Experiments designed 
according to Fisher’s principles (see Table I), when 
applied to the appropriate scientifi c question, produce 
reliable evidence for improving public and personal 
health. More humans survive childbirth, infancy, child-
hood, and through advanced age than any time in our 
species history [44]. 

 One of the key tenets of designing experiments is 
the requirement for randomization of subjects or other 
outbred animals to case and control groups. Random-
ization distributes unknown or unmeasurable charac-
teristics between groups in an attempt to isolate and 
identify measurable variables that differ between or 
distinguish those groups. While this step was necessary 
in the 20 th  century, the underlying rationale for its use 
is no longer valid in the post-genomic era, especially 
for variables that produce small biological effects. For 
example, one of the key variables that could not be 
analyzed in suffi cient detail was an individual’s genetic 
make-up. However, genome technologies now allow 
for the characterization at the DNA sequence level 
(rev in [27, 34]) and soon at the epigenome (i. e., DNA 
methylation) level (e. g., [10, 11]). Genetic variation is 
no longer unmeasurable or unknowable. The necessity 
to analyze genetic makeup has been demonstrated 
from results of numerous genome sequencing projects: 
the latest data [8, 43] suggests that individuals differ 
from each other and reference genomes by about 3.5 
million single nucleotide polymorphisms (SNPs), al-
most 1000 large copy number variants (CNVs), and 
large numbers of insertions and deletions (indels). An 
individual’s genetic make-up differs from others and 
has to be measured and incorporated into biomedical 
research studies at the risk of producing unreliable 
and irreproducible results. 

 Randomization has serious consequences on the 
ability to interpret data from experiments where the 
response of a group exposed to an intervention is 
compared to a group not exposed (control). Genetic 
diversity will usually result in phenotypic diversity. 
Physiological variability has been recognized for mil-

lennia and summarized in the modern pre-genomic 
era by Williams in a 1956 book entitled  Biochemi-
cal Individuality  [46]. The ability to account for and 
measure individual phenotypic variation, however, 
has only become possible over the past two decades: 
high throughput tools and methods such as mass spec-
troscopy are now available to quantitatively measure 
human physiology, including in response to food (e. g., 
[5, 47]). A major challenge remains assessing envi-
ronmental, cultural, and psycho-social variation but 
modern technology in the form of smart phones and 
tablets is increasingly used to measure an individual’s 
activities, although linking these data to a common 
research database remains a challenge [42]. 

 The edifi ce of statistical methods for group level 
research must also be re-evaluated: 
   •    Comparing the average measure or response of one 

group (cases) against those measures in a second 
group (controls) yields the population attributable 
risk (PAR) [20, 26, 40]. Hence, PARs are popula-
tion based – the average of a group – and these 
values do not apply to individuals because every 
individual is genetically distinct. PARs are appli-
cable for large effect sizes (e. g., malaria, cholera) 
but have decreasing reliability as the difference in 
measures between groups decreases. No statistic is 
available to assess when PARs may provide knowl-
edge that can be applied to all individuals in the 
population. The era of personalization requires the 
development of more personalized risk and benefi t 
factor analysis. 

   •    Power calculations (e. g., [13, 23 – 25]) do not con-
sider genetic, phenotypic, and environmental diver-
sity. Power analysis is used to calculate the mini-
mum sample size required for detecting an effect of 
a given size. Alternatively, power calculations also 
allow one to determine the effect size that may be 
observed given the number of samples. Regard-
less of the approach, power analysis for studies of 
outbred species do not account for genetic, pheno-
typic, and environmental (such as diet) variation 

Table I: Characteristics of Experimental Designs.

Randomization Assign individuals at random to groups or to different groups in an experiment

Replication Identify the sources of variation, better estimate the true effects of treatments, strengthen the 
experiment’s reliability and validity

Blocking Reduces known but irrelevant sources of variation between units for estimating the source of 
variation under study

Orthogonality The forms of comparison (contrasts) that can be legitimately and effi ciently carried out.  
Comparisons are uncorrelated and independently distributed if the data are normal.

Factorial Evaluate the effects and possible interactions of several factors

Experiments (independent variables)
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between individuals. An unintended consequence 
of increasing the sample size to adequately power 
an experiment is that increasing the sample size 
of human studies results in increasing the “noise” 
while decreasing the signal within each group since 
each individual added to the study introduces dif-
ferences in genetic, environmental, lifestyle, and 
cultural factors. When these factors are not mea-
sured in the study, this additional variability can 
only be considered as “noise” in the analysis. 

 Analyzing Variables One-By-One 

 Beadle and Tatum [1] published a seminal research 
concept and method in 1941 that is summarized as the 
one gene – one enzyme hypothesis. Although their 
experimental paradigm revolutionized biomedical 
research by demonstrating that a mutation in a sin-
gle gene could alter enzyme activity, their complete 
hypothesis better refl ects biological processes. Their 
treatise stated that although there would be simple 
one-to-one relationships, they also predicted that 
“…relations of great complexity” would also exist. 
However, their experimental results focused almost 
exclusively on auxotrophic mutations in Neurospora, 
which could be rescued by supplementing the media 
with the appropriate compound. The general appli-
cability of their method contributed to the analysis of 
single compounds or genes. Even many genome wide 
association studies (GWAS) rely upon mathemati-
cal tools and criteria that analyze the association of 
multiple but independently-tested SNPs with some 
complex phenotype [33]. That is, each SNP is consid-
ered independently of interactions with other SNPs 
or genetic variants. 

 Most biological processes however, are relation-
ships of great complexity and cannot often be char-
acterized or understood by analyzing the effect or 
activity of a single gene, RNA, protein, enzyme, or 
metabolite. Organisms consist of systems consisting 
of interactions with the environment, interactions be-
tween organs, interactions between cells, and within 
cells of interconnected pathways, networks, and re-
lationships. The complex organism is often studied 
by removing a component (e. g., metabolite or gene) 
from the cell system. Depending upon the importance 
of component, removing it from the system may force 
the system to channel fl ux through alternate pathways 
and networks. These concepts were also extended by 
Hartwell and coworkers [16 – 18] to the “normal” state 
in that fl ux through pathways is constrained by the 

requirements of life. If one reaction of the system is 
fast, another reaction may be slow, so that the overall 
fl ux is held within a tolerable range. 

 With this inherent interactivity of biochemical sys-
tems, it is diffi cult to obtain a clear understanding of 
the system by analyzing each constituent in isolation. 
Network-based approaches are well adapted for this 
purpose, as they consider these interactions as the 
basic framework for the analysis. The variety of ap-
proaches for network analysis considers the available 
data and the goal of the analysis. If high throughput 
measurements of system elements are available (such 
as transcriptomics or proteomics), network analysis 
can be used to identify the most active regions of the 
system with respect to a given intervention or pheno-
type. Alternatively, if kinetic information is available 
for the interactions in the system, dynamic simulation 
can provide predictions for system behavior following 
a given perturbation of interest. 

 System biology 

 Aristotle wrote “…the whole is greater than the sum of 
its parts” (rev. in [47]) thousands of years ago. The gen-
eral concepts from such thinking were further devel-
oped in von Bertalanffy in General Systems Theory [2], 
the foundation of modern systems biology concepts [3]. 
Three key concepts of systems theory are emergence, 
openness, and concurrency. Emergence is an ability of 
the system to have capabilities greater than the sum or 
the parts – an automobile moves only because of the 
combination and integration of the parts, much like 
Aristotle’s dictum. Machines have utility as metaphors 
but also do not capture other aspects of system think-
ing. For example, general systems theory also holds 
that biological systems are not “closed” like a machine 
but open [2]. That is, a biological system interacts with 
and adapts to its environment. A third related concept 
is concurrency, which describes interacting systems 
within machines or systems (e. g., a subsystem) that 
have internal distributed systems/embedded systems/
sensor networks. The behavior of the subsystems is 
determined by the interaction of their internal state 
with the environment. Similarly, organisms interact 
with and respond to their environments. 

 Nutrigenomics describes this type of open, concur-
rent system by the term gene – environment interac-
tions, classically defi ned as the statistical main effect 
of the interaction term [37]. Dominant mutations that 
cause catastrophic breaks in the system (e. g., inborn 
errors of metabolism [7]) and environments that over-
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ride biological processes (such as cholera) are the ex-
ceptions to this rule. Biological systems respond to the 
signals from the environment such as nutrients, toxins, 
light exposure, but the system also adapts metabolism 
to respond to the environmental conditions by changes 
in transcriptional regulation or intracellular signaling 
that ultimately affect phenotype [21, 32, 36]. Embed-
ded in this concept is that open systems are dynamic, 
changing due to changing interactions between envi-
ronment and host. 

 The challenge of system thinking is defi ning the 
system. An analogy is Google Map: the ability to zoom 
from an earth view to a street view. Metabolites and 
proteins, that is reactions, may be considered the street 
view. The whole system or phenotype is the planet 
view. In between are layers of organization from the 
neighborhood of pathways to communities, counties, 

states, and nations in modules, networks, organ sys-
tems. Each layer provides information that can be used 
to produce some understanding of the biological pro-
cesses. The current state of system research and analy-
sis focuses on components and interactions such as 
between pathways or network-network interactions. 
The results are (usually) maps that attempt to distill 
knowledge of emergent properties of the biological 
systems that cannot be directly inferred from the prop-
erties of the constituent parts. High-throughput data 
generation provides the input for systems analysis, 
permitting a more complete assessment of functional 
intermediates (i. e., transcripts/proteins/metabolites) 
between genotype/environment and phenotype. Envi-
ronmental factors such as diet and lifestyle and cultural 
and psychosocial dynamics have been notably absent 
from most biomedical research programs. 

      Figure 1:  Conceptual strategy for n-of-1 studies. (A) Individuals in a population are “completely” characterized geneti-
cally and physiologically and environmentally. The genetic characterization is the sum [Σ   of all genetic variations A, B, C 
and the physiological and environmental characterization is the sum [Σ   of metabolomics, proteomic, lifestyle and other 
designated by numbers. After characterization, (B) classifi cation algorithms are used to sort individuals into response 
groups that are empirically defi ned. To test these assignments, (C) individuals in a second population are analyzed as in 
(A) and then (D) classifi ed as in (B). Each round of analysis and classifi cation improves the probability that an individual 
is placed within the appropriate response or metabolic group.   
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 While system thinking is essential for understanding 
biological processes, in most experimental cases, the 
data for the analyses are limited to metabolite, RNA, 
and protein in the blood, mRNA or microRNA from 
selected tissues, and genomic data. Only recently have 
attempts been made to integrate high dimensional 
data with measured environmental factors such as 
nutrient intake and physical activity, as well as multi-
variate (i. e. ,  well-defi ned) phenotypes. That is, all of 
the components of the system are typically not ana-
lyzed, and perhaps, may never be analyzed. The fi nal 
“systems” networks from such analyses can only be 
representations of the data acquired in the experi-
ment, and as such, cannot be used to fully describe the 
fi nal phenotype. Nevertheless, such representations 
better represent the data than two-dimensional, one-
to-one relationships depicted in linear maps. 

 N-of-1 System Biology 

 These system biology concepts and technologies are 
beginning to alter experimental design and analyses 
(e. g., [15, 29 – 31]). However, most research conducted 
in the 21 st  century continues to be reductionistic, focus-
ing on the effects of an individual nutrient or predicted 
consequences of an individual polymorphism in a gene 
to explain complex processes. 

 Strategies for analyses of individual data (often 
called n-of-1 data [35]) for identifying homeostatic 
groups and metabolic response groups (e. g., [19, 38]) 
may circumvent the limitations of case-control ex-
perimental designs. In n-of-1 designs, individuals are 
analyzed completely, or as completely as possible, 
and then analytical methods are used to fi nd those of 
like response or characteristics (Figure 1). Such study 
designs are well suited to the use of unsupervised mul-
tivariate statistical approaches for class discovery from 
high throughput data, paired with network analysis for 
assessment of the functional context of observed pat-
terns of variation. An interesting possibility from such 
analyses is that the grouping patterns of individuals at 
baseline may be different from the grouping patterns 
following a given intervention. From a translational 
perspective, these response groups will most likely 
help to inform optimal dietary interventions on an 
individual-specifi c basis. However there is more work 
to be done in terms of applying appropriate study de-
signs and analytical strategies in order to understand 
nutritional systems. 

 Our approaches uses a cyclic method of analyzing 
a subset of individuals (Figure 1A) and classifying 

them (Figure 1B), This approach allows the same data 
sets to be aggregated and used for analysis of popu-
lation level results [35]. A distinct challenge for this 
experimental design is the level of data necessary to 
characterize the system. For example, while it has 
been long known that humans (and other animals) 
are hosts to a large variety of microorganisms, the 
ability to analyze microbial niches in and on the hu-
man body became possible only with the advent of 
high throughput analytical technologies. Mammals 
are “holobiont” – defi ned as a multicellular eukary-
ote plus its colonies of persistent symbionts [14, 41]. 
Organisms present in gastrointestinal, oral mucosa, 
urogenital, skin, and airways are being counted, but 
their functions are challenging to study [22]. The view 
of n-of-1 has to be expanded to include the microor-
ganisms who live with us. 

 Systems Nutrition Research 

 Nutrition research, defi ned here as the entire en-
vironment that a holobiont is exposed to, is more 
challenging to study. Clinical research methods can 
be used – that is, experiments conducted in highly 
controlled settings. However, translation of results 
from such studies is challenging because real life has 
a wider range of variables than laboratory or clinical 
settings. One approach to conduct translational n-of-1 
research is through community-based participatory 
research study [28]. CBPR’s central focus is develop-
ing a partnership among researchers and individuals 
in a community that allows for more in depth lifestyle 
analyses but also translational research that simulta-
neously helps improve the health of individuals and 
communities. As importantly, the unmeasureable fac-
tors or infl uences are incorporated into the overall 
physiological measures. Describing the setting of the 
research is metadata, which puts the research results 
into context even if not a part of the formal analytical 
process. While CBPR has been gaining much inter-
est in the social and nutritional sciences fi elds [6, 39], 
relatively few studies have used this method for bio-
medical research [4, 9, 45]. CBPR is a process whereby 
the participants provide information and biological 
samples on an ongoing basis, and the biomedical re-
searcher provides existing knowledge as well as results 
from the ongoing study. Research is “personalized” 
since one individual is assessed and informed even 
in the community setting. The applications are more 
immediate than population based methods and are tar-
geted to the community and individual. Since genetic 
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and omic data developed from population studies can 
not yet be reliably associated with health outcomes 
in individuals, the initial information fl ows between 
researcher and community collaborator focused on 
nutritional assessments and dietary advice. As more 
gene – nutrient or omic – nutrient associations are 
proven, the information fl ow will include biomedical 
data and results. 

 We applied this strategy to children and teens (ages 
6 to 14), offering improved nutritious breakfast, lunch, 
and two healthy snacks during a 5-week summer day 
camp. Data aggregation (i. e., population level) results 
for nutrient intakes, healthy eating index scores, me-
tabolite levels in plasma, and population genetic results 

were analyzed (Monteiro et al, in preparation). The 
n-of-1 analyses identifi ed metabolic groups consisting 
of patterns of plasma vitamin levels and red blood 
cell metabolites. We also developed a middle-out (as 
opposed to top-down or bottom-up) procedure (Fig-
ure 2) to analyze genotype data by defi ning and testing 
associations of single nucleotide polymorphisms of 
genes involved in micronutrient metabolism, related 
gene networks, and their protein-protein interactions 
(Morine, Monteiro, et al, in preparation). Topologi-
cal partitioning and enrichment analysis identifi ed 
modules (subnetworks) enriched in genes encoding 
proteins that participate or regulate pathways associ-
ated with micronutrients. One of these micronutrient 

      Figure 2:  Middle Out Genotype Analyses. Two approaches were developed for the analyses of genotypes associated with 
metabolite levels or patterns. The top left shows metabolites that may be analyzed from subjects. An example may be 
vitamins in the blood samples. The pathways and networks that interact with, metabolize, or regulated by these metabo-
lites are identifi ed from pathway databases. This set of pathways and genes is called a neighborhood, and in this case, a 
micronutrient neighborhood. However, the pathways and networks may be unconnected due to the nature of pathway 
databases. A second approach uses a global interaction network derived from protein-protein interaction data.  After topo-
logical partitioning, the function of the modules (subnetworks) are determined by pathways and genes within them (lower 
right). Modules which are enriched for micronutrient genes identify those systems most affected by changes in vitamin (in 
this example) status. In some cases, the neighborhood genes and one or more of the global network modules overlap as is 
shown in the micronutrient system in the middle right of this fi gure. Modules and subnetworks differ from pathways in that 
related functions are clustered. These representations provide a different approach to representing biological knowledge.   
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modules was signifi cantly enriched with SNPs that dif-
fered statistically between groups defi ned by patterns 
of metabolite levels. 

 Our n-of-1 experimental design accounts for indi-
vidual genetic and lifestyle (including dietary) differ-
ences and produces data that can be analyzed at the 
population level, metabolic group level, and individual 
level. It has not escaped our attention that this experi-
mental design can be applied to a variety of biomedical 
research questions. 

 Summary 

 The advent of technology permitting the more com-
plete characterization of biological systems has provid-
ed data demonstrating the genetic, physiological, and 
biochemical diversity in the human (and other animal) 
specie. Analyzing complex processes cannot reasonably 
be done using approaches of measuring the effects of a 
single gene, protein, RNA, or enzyme or how a single 
nutrient or chemical alters the system. New experimen-
tal designs that account for the diversity of genotype 
X environment interactions need to be developed in 
order to improve personal and public health. 
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