
Robust Efficiency in Healthy Heart Rate 
Control and Variability 

• Robustness/Efficiency Tradeoffs 
• Healthy  

– Heart Rate Control 
– Heart Rate Variability (HRV) 

 
• Universal  

– laws 
– architectures 
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• Energy 
• Inflammation 
• Coagulation 

Evolved for large 
energy variation and 

moderate trauma 
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Robust Fragile 

Physiology? 

 Metabolism 
 Regeneration & repair 
 Healing wound /infect 

 Obesity, diabetes 
 Cancer 
 AutoImmune/Inflame 

Mainstream “scientific” view 
• no boring old fashioned physiology, tradeoffs, 

homeostasis, allostasis, constraints, architecture…  
 

• health = “good” genes 
• health = emergent, edge of chaos, order for free… 

 
• change is hopefully coming  
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 Fat accumulation 
 Insulin resistance 
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 Inflammation 

Death 
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Many diseases associated w/decrease HRV 
• Poon et al, Decrease of cardiac chaos in congestive heart failure, Nature, 1997. 
• Carney et al, Depression, heart rate variability, and acute myocardial 

infarction, Circulation, 2001. 
• Malpas et al, Heart-rate variability and cardiac autonomic function in 

diabetes, Diabetes, 1990. 
• Pontet et al, Heart rate variability as early marker of multiple organ 

dysfunction syndrome in septic patients, Journal of critical care, 2003. 
• Tateishi et al, Depressed heart rate variability is associated with high IL-6 

blood level and decline in the blood pressure in septic patients, Shock, 2007. 
• Roche et al, Depressed heart rate variability is associated with high IL-6 blood 

level and decline in the blood pressure in septic patients, Circulation, 1999. 
• Kleiger et al, Decreased heart rate variability and its association with 

increased mortality after acute myocardial infarction, Am Journal of  
Cardiology, 1987. 

• Liao et al, Age, race, and sex differences in autonomic cardiac function 
measured by spectral analysis of heart rate variability, Am Journal of 
Cardiology, 1995. 



Google scholar search 

Search exact phrase “heart rate variability” for 2011 
returns  

• 695 papers with phrase in the title,  
• 9330 papers appearing anywhere… 
• …of which 891 have at least one of the following 

words: chaos, chaotic, or fractal 



Future patient monitor with HRV alert 
will be??? 
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Data:  Watts and HR 
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The simplest case of changing 
HRV, mean ↑ and variability ↓ 
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Why? • Proximal cause: Autonomic 
nervous system balance 

• Between sympathetic and 
para-sympathetic 

• Deeper why: evolution 
and physiology 

• Accident or necessity? 
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Universals 

low variability outputs  
+ large disturbances 
⇒ high variability controls 
 
• Independent of how variability is measured 
• Universal across biology and technology 
• Many theorems and case studies 
• Arguably most basic idea in control theory 
• Most important nonlinearity is actuator saturation 

+ 



Universals 

low variability outputs  
+ large disturbances 
⇒ high variability controls 
 
• Independent of how variability is measured 
• Universal across biology and technology 
• Many theorems and case studies 

 
• You bet your life on it every time you fly  
• (or walk or run or eat…) 
• More precisely: you bet your life that engineers 

understand this (and doctors should too) 

+ 
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Organized complexity, circa 1972 

Plumbing and chemistry 

Guyton 
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This idea can be used directly 
with a dynamic model 
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Anaerobic and  
Aside on gas variables 

• Gas exchange variables are also 
predictable with simple models 

• VO2 is simplest and most predictable 
 

• VCO2-VO2 is most complex and we don’t 
have first principles model 

• Also HR model is bad at high watt levels 
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Figure S22: Subject #2 performed two separate experiments of less than 8 minutes each 
on a cycle ergometer including exercise levels between 50 watts and 100 watts.  HR (left 
axis, red) is plotted for two different workload demands (right axis, blue). A 1st order 
linear dynamic (“black box”) model (i.e., Δh=ah+bW+c) with 3 parameters (a,b,c) was 
fit using the upper exercise data with workload input and HR output.  Simulations of this 
model with the 2 workload inputs are in black.  
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