Chapter 9
Systems Health: A Transition from Disease
Management Toward Health Promotion
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Abstract To date, most of the chronic diseases such as cancer, cardiovascular
disease, and diabetes, are the leading cause of death. Current strategies toward
disease treatment, e.g., risk prediction and target therapy, still have limitations for
precision medicine due to the dynamic and complex nature of health. Interactions
among genetics, lifestyle, and surrounding environments have nonnegligible effects
on disease evolution. Thus a transition in health-care area is urgently needed to
address the hysteresis of diagnosis and stabilize the increasing health-care costs. In
this chapter, we explored new insights in the field of health promotion and intro-
duced the integration of systems theories with health science and clinical practice.
On the basis of systems biology and systems medicine, a novel concept called
“systems health” was comprehensively advocated. Two types of bioinformatics
models, i.e., causal loop diagram and quantitative model, were selected as examples
for further illumination. Translational applications of these models in systems
health were sequentially discussed. Moreover, we highlighted the bridging of
ancient and modern views toward health and put forward a proposition for citizen
science and citizen empowerment in health promotion.
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9.1 Introduction

Over the last several decades, the pace of life is rapidly increasing. A modern
lifestyle is often characterized by demanding jobs, families in which both parents
work and care for children and other family members, and a busy social life.
Attempts to sustain this kind of lifestyle are often accompanied by stress [1], late
work hours, sleep problems [2], no time to cook, unhealthy diet [3], and too little
exercise [4]. As the population ages, the amount of people suffering from lifestyle-
related diseases such as cardiovascular disease, cancer, diabetes, COPD, and
Alzheimer is soaring [5]. Unhealthy lifestyle combined with an aging population
results in an increasing demand on health-care resources. Unfortunately, the current
health-care system is failing to respond appropriately to meet this demand, resulting
in high health-care cost in many countries, especially in developing countries.
Scientists and doctors are working on several strategies in order to relieve the
current pressure on the health-care system. However, health-care professionals
themselves as well as medical students count among the highest numbers of burnout
cases showing an inability to regulate their own stress levels adequately [6].

One strategy is further improving disease management. In 1996, Dr. Robert
S. Epstein and Dr. Louis M. Sherwood clearly put forward the definition of disease
management that disease management refers to the use of an explicit systematic
population-based approach to identify persons at risk, intervene with specific pro-
grams of care, and measure clinical outcomes [7]. Since then, disease management
has become an effective way for medical care. Doctors give patients advice on how
to manage a chronic disease like diabetes and hypertension. Patients learn to take
responsibility for understanding how to take care of themselves. They work
together to avoid potential problems and exacerbation, or worsening, of their health
problem. This was a quite effective approach, which increases patient satisfaction
and improves their quality of life. However, there is no evidence that the primary
goal of disease management, controlling health-care costs, is actually reached [8—
10].

Another strategy developed in past decades is targeted therapy for complex
diseases [11]. This brought chemical drug therapy into a new age. One main reason
for this change is that single-target therapy can effectively relieve the side effect
which usually appears in traditional broad-spectrum chemical drug therapy. Based
on a large amount of OMICS data generated in recent years, as well as the rapid
development of computer technology, bioinformatics, and cheminformatics,
computer-aided drug design (CADD) has become an efficient tool for novel specific
drug design for corresponding targets [12]. More and more novel single-target
drugs have been designed and have been commercialized. However, for more
than 80 % of the diseases, there is still no effective therapy currently.

Most of the medical care programs are based on linear thinking. The disease
management and single-target therapy mentioned above are good examples for this.
One of the reasons that these strategies are not optimal for treating chronic diseases
is that these strategies lack a consideration of the holistic nature of human beings.
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Most chronic diseases are complex lifestyle-related conditions resulting from a
disturbance in a combination of biological, psychological, social, spiritual, and
environmental factors [13]. An optimal strategy for managing chronic diseases
should therefore consider biology, psychology, and social environment together.
More holistic approaches, sometimes called systems medicine approaches, have
increasingly been developed and applied in the area of medicine over the last
10 years [14]. This has provided traditional medicine with new insights and guides
us entering a new era of medical care. In recent years, more and more evidence is
showing that our current health-care strategies have reached a tripping point. We
need a shift from disease management toward existing knowledge, tools, and
technology for health promotion. The aim of this review is to explore new insights
in the area of health promotion and to introduce the integration of systems thinking
with health-care science and clinical practice.

9.2 Complexity and Health

Here we divide the concept of health network into two parts, i.e., inner body
network and environment network, for clear discussion. Our body can be consid-
ered as a complex system consisting various organs and units connected into one
another. There is a widespread existence of self-regulating and adaptability mech-
anism at all levels and all part of the body. The interaction and mutual effect
between related items can maintain the stability of human body vital signs and
maintain the life activities of the body. One key reason why human body can deal
with various external factors effectively is that our body is a dynamic system. Here
we take 100K Wellness Project as an example. In 2014, Dr. Leroy Hood brought
forward a new medical project in order to further promote P4 medicine [14, 15]
(Fig. 9.1). The idea of this project is to take 100,000 well patients to carry out a
detailed data collection in genomic, proteomic, metabolic, epigenetic, and pheno-
typic levels through examining patients’ blood, saliva, stool, and other physiolog-
ical and psychological factors. Only when every index in this examination stays in a
reasonable range can patients present healthy situations. This project enhances the
importance of precision medicine, and at the same time, it reflects the significance
of system dynamic balance in human health. But there are two major drawbacks of
this approach. The first one is the lack of measurements at various time-points and
therefore a lack of insight into the changes of the system over time and the
relationships between various changes over time. The second drawback is the
limitation to the consideration of the inner body system only. For health promotion,
we cannot ignore our surrounding environment (Fig. 9.2), such as our families,
communities, workspace, as well as personal lifestyle. All of them are linked
together. For example, if one person’s friends and colleagues have positive lifestyle
and willing to share with you, your lifestyle will be naturally changed over time.
One’s lifestyle plays a key role in personal health. Besides our social environment
effects, natural environment effects also should be taken into account. Relevant
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Fig. 9.1 The paradigm of personal examination in 100K Wellness Project
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Fig. 9.2 Health emerges from interactions within and between nested systems, i.e., families,
communities, and workspace. The red points here represent individuals in these systems

researches have shown that many diseases, especially vector-borne diseases, are
strongly associated with climate change [16]. Luis Fernando Chaves et al. found
that cutaneous leishmaniasis, an emergent disease with increasing number of
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patients in the Americas, has a dynamic link with local climate cycles
[17]. Researches in dengue fever, West Nile fever, and malaria also got the similar
results and further support the linkage between disease and natural environment
[18-21].

Complexity science offers methods to observe the dynamics of systems, as well
as trajectories of changes within the dynamics [22]. It appears that lifestyle is
developed over time into very stable habit patterns, which can be healthy patterns
or patterns resulting in disease [23-25]. These habit patterns emerge from upbring-
ing, role models, peer groups, social environment, and other factors [26]. This is
one of the reasons that an unhealthy diet is so hard to change, despite large amounts
of books about healthy diets [27]. Complexity science also shows that an unhealthy
stable system might be changed into a healthier stable system through specific
triggers. One well-known trigger is a life-changing event such as receiving a
diagnosis of a life-threatening disease. Experiences from health coaches and
patients indicate that during those times in life, people are suddenly realizing that
they might have to change their lifestyle and are more open to make those changes.
Complexity science offers theories and methods for studying such emerging habit
patterns as well as critical transitions between various stable states of a system
[28, 29].

9.3 From Systems Biology to Systems Health

In traditional biology research, biologists tend to specialize into fields covering
limited parts of the human body even as small as individual cell systems, individual
proteins, or individual metabolites. Even though our understanding of the mecha-
nisms of biological processes and organ functions has increased, the importance of
generating knowledge about the function of the human body as a whole is often
overlooked by biologists and delegated to other fields of science such as philoso-
phy. psychology, and sociology. Dr. Norbert Wiener, the founder of cybernetics,
wanted to find out a new approach that could explain these processes in a holistic
way. In 1948, he innovatively put forward an idea to illuminate complex
bio-systems at a whole systems level [30]. Since then a new word called
“biocybernetics” has been created, which is the predecessor of systems biology.
The aim of systems biology is to understand biological systems at a system level
(Fig. 9.3). In other words, scientists investigate the components, structure, and
dynamics of cellular and organismal function instead of the characteristics of
isolated parts of a cell or organism [31]. Furthermore, systems biology develops
tools, techniques, and models to predict the results brought about by stimulations of
a living system combined with possible interferences from the outside environment.
Based on systems theory, scientists and clinicians are able to develop holistic
treatment strategies to complement simple molecular-targeted therapies. More
and more systems theories are being applied to solve difficult medical issues and
improve health care [32, 33]. This movement toward the implementation of systems
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Fig. 9.3 A schematic
overview of the concept of
systems biology. Generally
it covers three research
fields: biological science,
information science, and
systems science

thinking and systems biology into the medical and health-care arena drives the
development of what we call systems health, a biopsychosociospiritual approach
toward health and healing [34]. An emerging field in systems medicine is the
development of optimal healing environments, which are designed to optimize
the environment in which patients are healing [35-37].

9.3.1 Network Biology

One of the science areas that is crucial for studying and understanding patterns of
relationships is network biology [38]. Network biology arose from a merging of
network theory, mathematics, and biology. In systems biology, network biology is
commonly used to study changes in gene regulatory and protein interaction net-
works but also to explore relationships between social, psychological, environmen-
tal, and biological factors [39]. In other words, network biology reveals a
phenomenon that relations among these items sometimes are more important than
objects.

One example is the use of network biology to understand microRNA-mRNA
interactions. MicroRNA (miRNA) is a small noncoding RNA containing 22-23
nucleotides. The first miRNA which was reported to play a role in gene regulation
was found in 1993. Lee et al. noticed that a Caenorhabditis elegans gene, lin-4,
which controls diverse postembryonic cell lineages, represses the expression of its
target gene line-14 instead of encoding a protein [40]. Since then, an increasing
number of researches have focused on human miRNA discovery, and considerable
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details are now known about their biogenesis [41]. Till now, more than 2,500
miRNAs have been annotated in humans [42—45], and in a recent study, miRNAs
have been demonstrated to be effective biomarkers for complex diseases [46—
48]. Based on this interaction, a human miRNA-mRNA regulation network has
been built to further investigate the relationship among microRNAs and regulated
genes. We can map those aberrant expressed genes or miRNAs onto this network to
find out their relationships, helping us better understand the complex
mechanisms [49].

9.3.2 Measuring Systems Health

Based on systems biology, systems thinking, as well as health theories, “systems
health” was coined as a new frame of thinking about health as a dynamic complex
system of relationships [34]. The concept of systems health challenges the manner
in which health is currently assessed and monitored. Nowadays, measurement is
mostly related to the absence of health or a disease state. For instance, cholesterol
levels are measured in blood to detect hypertension, blood sugar levels are mea-
sured to indicate diabetes, and inflammatory markers are measured to detect
inflammation or infections. However, these measurements do not tell much about
the healthy state of the human system. Plenty of researches showed that health is not
so much a state as an ability to adapt in the face of the challenges of life [50—
52]. Measuring health therefore requires dynamic measurements to capture this
ability to adapt this resilience. Furthermore, to capture a broad picture of someone’s
health, not only biological factors should be measured but psychological, social,
and spiritual factors as well. This requires an ability to integrate data from various
sources and methods to analyze this data as a whole [53, 54].

9.3.3 Systems Health Models

Mathematical and physical models are especially suitable to study the dynamics of
systems, and there has been an increasing interest in such models in the field of
systems biology over the last two decades [55]. Models are interesting for several
reasons. First of all, systems health models can be used to increase understanding of
how health emerges from relationships; it can help to raise health awareness.
Furthermore, semiquantitative models can be used for clinical decision support,
and quantitative models can be developed to study trigger points for behavior
change. In the following section, we will mainly explore the first and third examples
to further illuminate the value of systems health models.
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9.3.3.1 Causal Loop Diagrams to Promote Health Awareness

Today, the majority of information about health and disease reaches people through
social media, newspapers, magazines, television talking, websites, and social net-
working sites. However, there are many conflicting views on what is healthy and
what is not. There are views on how to treat certain conditions and many sources of
individual experiences with diseases and treatment options. This amount of infor-
mation causes a lot of confusion for the majority of people because there is little
integration of all the information into a coherent view on health. There is a great
need for tools and methodologies to integrate the dynamics and the multitude of
interacting factors related to health in a comprehensible way that can be used to
generate health awareness [56—59].

Systems dynamics is a field of research which provides specific methods to
describe causal relationships between factors into a model structure and provide
options for simulating the dynamics involved in health and disease. An example of
a causal loop diagram is shown in Fig. 9.4, a practical method to show causal
relationships [60]. The systems health causal loop diagram shown in Fig. 9.4 was
built by the Netherlands Organization for Applied Scientific Research (TNO) and
discussed in a recent publication [34]. A large amount of expert knowledge was
collected during focus group sessions form scientists in different research fields
such as nutrition science, systems biology, computational modeling, and public
health, to better understand the cross-domain relationships and to investigate the
dynamical interactions between these domains in an integrated way. Another

Fig. 9.4 The causal loop diagram related to biopsychosocial health built by TNO to simulate
intervention dynamics. Different domains are modularized in it. They are energy, inflammation,
glucose metabolism, gastrointestinal, coping, motivational, cognitive, and physical [34]
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example of a causal loop diagram application to health is from Jaimie McGlashan
et al. [61]. In their research, they used network analysis combined with a causal
loop diagram to find out the drivers of childhood obesity. Based on this, the
researchers found keywords which were frequently discussed when it comes to
children obesity, such as “Advertising/Sponsorship of Fast and Processed Food,”
“Level of Physical Activity,” and “Participation in Sports.” The feedback loops and
reinforcing loops in the model help to connect different domains, from which the
relationships between these phrases can be clarified and new insights about children
obesity were generated. The examples above show that the causal loop diagram can
be suitable tool for non-research people to better understand complex diseases in
our life, enrich their knowledge in relevant fields, and further increase their health
awareness (Fig. 9.4).

9.3.3.2 Quantitative Models to Discover Trigger Points for Behavior
Change

Traditional mathematical modeling in biology research was usually used to inform
and explain complex biological functions and processes and to understand the
interactions between individuals through dynamic network based on gene expres-
sion and signaling pathways [62—-64]. Generally these models are built based on
theory and experimental observations. However, due to their small scales and the
wile variations among individuals, plus the size of data storage which is rapidly
increased, large-scale quantitative models are becoming increasingly necessary.
Today, with the remarkable development of research technologies, a number of
novel models have emerged, which allow us to assess the articulation of the changes
of genes, proteins, and metabolites more comprehensively [65]. There is an obvious
phenomenon that quantitative models are extending its application. In recent years,
more and more quantitative models have been applied into clinical trials [66, 67],
making a transition from fundamental research to medical application.

In order to illuminate quantitative models in more detail, here we select two
investigations as examples. First is Marten Scheffer and his colleagues” work [68—
70]. They developed a probabilistic model to compute the probability of symptom
changes in major depression. The main formulas show as below:

J
Af =2 WX
=

1

PX!=1)=—
( ) 1 + e(b‘_A‘!)
Before developing this model, the authors made three assumptions: (1) symp-
toms (X;) can be on two conditions: active (1) or inactive (0), (2) symptom
activation occurs (¢) over time, and (3) symptom / and j are connected with each
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other in the Virginia Adult Twin Study of Psychiatric and Substance Use Disorders
(VATSPUD) data. Here, the first formula A/ means total activation function. It
represents that the total amount of activation symptom i receives at time ¢ is the
weighted (W) summation of all the neighboring symptoms X at time #-1. The
second formula is the probability of the activation of symptom i at time ¢. It depends
on the difference between the threshold they estimated from VATSPUD data and
A]. The smaller the | (b,- — Af) | is, the more possible symptom i will be active at time
t. This is an intraindividual, symptoms-based model which develops over time. It
gives a strong support to clinical doctors on major depression progression predic-
tion and identification as it offers specified evaluation indexes that doctors are able
to find out the trigger points and then distinguish different stages more easily.

The other good example for quantitative model application is Megan Sherwood
et al.’s work [71]. They used meta-analytic and statistical approaches to examine
the schizophrenia patients’ response profile to clozapine, protracting a time course
of symptom change. The formula they set is as below:

Expected BPRS Item Score = f8, + 8, *W + f,*W=.

Here the W represents week number. By, 3, and B, are the coefficients they get
from the regression analysis [72]. Through this model, they identified the range of
weeks that distinguished different responses to clozapine. A supervising finding is
that clozapine shows response in an early stage and the magnitude of it is somewhat
larger than other antipsychotic drugs.

Meta-analysis approaches are pretty common in current clinical research [73—
75]. But this is just an epitome of quantitative models. In other words, quantitative
models have a great potential in medical application [76]. With huge amounts of
medical data support, the demand for more accurate, more deep-level, and more
complex models is growing [77]. With this method tend to mature, people are able
to monitor their health systems in real time in the foreseeable future, which is an
important object of systems health.

9.4 Bridging Ancient and Modern Views on Health

As Western medicine is struggling to move away from disease fighting toward
health promotion [78], many traditional medicine systems are designed to promote
health. In traditional Chinese medicine, a doctor who had to treat diseases was
considered to be ordinary, whereas a doctor who treated the spirit or prevented
diseases from occurring was considered an excellent expert. For ages TCM doctors
were paid for the amount of healthy people in his care, which is a very different
business model from the Western one, which pays for treatments [79]. Therefore
there are many reasons to learn from traditional healing systems, not only for
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discovering new treatment options but also for discovering ways to maintain health
and even discover government structures that promote health [80, 81].

One of the challenges for the integration of traditional healing systems and
Western medicine is the poetic terminology that is often used in traditional healing
systems. Concepts such as qi, prana, meridians, and chakras are often frowned upon
by Western trained doctors and scientists because these concepts do not fit in their
current thinking paradigm. Over the last several decades, attempts have been made
to translate concepts and ideas from Chinese medicine and Ayurveda to Western
scientific thinking using systems biology [82, 83]. Several studies have been
conducted to discover subtypes of chronic diseases such as rheumatoid arthritis,
diabetes, and metabolic syndrome, based on TCM diagnostic patterns [84—
86]. Moreover, these subtypes were related to biological pathways and mechanisms
well known in Western science, opening up opportunities to use these subtypes in
clinical practice [87]. One of the big challenges in translating Chinese medicine
diagnosis is the inconsistency that is often encountered among various TCM
doctors [88, 89]. Therefore various research groups are working on standardizing
symptom patterns with questionnaires [90-92]. This type of research shows that it is
possible to build a bridge between Western science and medicine and traditional
healing systems.

9.5 Transition Toward Citizen Science and Citizen
Empowerment

Over the past years, there is a rapid development of tools and devices to measure
your own health, as well as apps to store and analyze health data [93]. People are
going to have much more data and information about their own health. Interest-
ingly, a lot of this data is related to symptoms that are frequently experienced by
individuals. Ecological momentary assessment is a new area of research focusing
on capturing symptom data in a simple manner but within the context of daily life
[94]. Novel data analysis methods are being developed to analyze this type of
personal health data, allowing an individual to monitor the effects of self-chosen
interventions on health [95]. More advanced data analysis methods have been
developed to predict changes in the dynamics of symptom patterns for migraine
and depression, allowing a timely prediction of a migraine attack [96] or a depres-
sion episode [69]. Symptom patterns commonly used in traditional healing systems
can be very interesting for such self-monitoring approaches. The patterns can be
used to distinguish between types of migraine, depression, or stress and can, for
example, be used to direct people toward effective dietary interventions [97].
Health data is going to be owned more and more by the individual instead of
health institutes. Currently, individuals start organizing themselves in health data
cooperatives, independent organizations that are responsible for protecting the
privacy of the participants and can mediate in contributing the data to scientific
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projects [98]. A famous example is PatientsLikeMe, a network with over 500,000
patients donating data toward hundreds of scientific projects [99]. Furthermore, it
functions as a social network which people use to communicate personal experi-
ences with drugs, treatments, and lifestyle interventions, helping others in their
personal journeys toward health and well-being. Community platforms such as
PatientsLikeMe stimulate empowerment of patients and empowerment of entire
communities to participate in health promotion and scientific research [100]. It
actually allows people to create health [101]. A systems approach toward health and
disease is essential for such communities, as it integrates all the aspects that are
relevant for the life of a patient and citizen. It will help with the integration of
biological, psychological, social, and environmental health measurements and
guide citizens toward relevant interventions to sustain a healthy life.
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