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ABSTRACT 
 

Advances in medical technology, accessibility to health care, healthier lifestyle, diet, and hygiene have 

allowed us to increase life expectancy from 46 years in 1950 to almost 74 in 2019. Worldwide, the 

population is becoming older, and new aging-related challenges have appeared, increasing the burden on 

a debilitated-in-workforce healthcare system. Wearable sensors and sensor-enhanced health information 

systems are regarded as one way to face the implications of the aforementioned demographic change. 

Indeed, continuously monitoring health time series would bring detailed aspects that could potentially 

enable early diagnosis and an informed prognosis of any disease or injury. This dissertation presents some 

efforts on developing methods for injury prediction and frailty assessment from real-time health signals 

obtained from wearable sensors. This work was divided into three consecutive studies. 

In the first study, we studied an existing data set of 537 head impact kinematics in sports settings, 

consisting of 6 degrees of freedom measurements. We presented a principal component analysis-based 

method for building an accurate low-rank approximation of head impact kinematics. We found that only 

a few modes were sufficient for the accurate reconstruction of the entire data set. Then, we studied these 

representative modes in the frequency domain, which were primarily low frequency under 40Hz. We 

compared our approximation against existing impact parametrization methods and showed significantly 

better performance in injury prediction using a range of kinematic and brain tissue deformation-based 

metrics. In all cases, our representation reproduced similar results in injury prediction to the ground truth. 

Finally, we developed a data-driven emulator capable of generating new kinematic data sets of any size, 

being particularly useful for training machine learning algorithms that have been investigated for 

approximating brain deformation in real-time for early brain injury diagnosis.   

In the second study, we focused on frailty syndrome, which is associated with a lack of physiological 

reserve and consequent adverse outcomes (treatment complications and death). Previous research has 

shown associations between heart rate (HR) dynamics (HR changes during physical activity) and frailty. We 

analyzed the effect of frailty on the interconnection between the motor and cardiac systems during a 

localized upper-extremity function (UEF) test. Fifty-six older adults aged 65 or older were recruited to 

perform a rapid elbow flexion-extension test for 20 seconds while we monitored motor performance and 

heart rate, utilizing wearable gyroscopes and electrocardiogram devices, respectively. Frailty was assessed 
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using the gold-standard Fried phenotype. We quantified the interconnection between motor (angular 

displacement) and cardiac (HR) performance using convergent cross-mapping (CCM). A significantly 

weaker interconnection was observed among pre-frail and frail participants compared to non-frail 

individuals. Findings suggested a strong association between cardiac-motor interconnection and frailty. 

In the final study, we continued the development of an integral frailty assessment tool, now specifically 

for heart diseases. Aortic stenosis (AS) is the most commonly acquired valvar disease and is associated 

with an increased risk of frailty. The current work aimed to assess differences in motor and ANS 

performance as symptoms of frailty between community-dwelling older adults with and without AS. Older 

adults, 55 years and older, with and without AS were recruited. Frailty was assessed using the Fried 

phenotype. Participants performed an upper-extremity function (UEF) physical task – 20 seconds of rapid 

elbow flexion of the right arm. Arm motion was measured by gyroscopes and heart rate (HR) was 

measured using an electrocardiogram (ECG) sensor attached to the left side of the chest. Outcomes 

included UEF motor score (a validated score from 0: “not frail” to 1: “extremely frail” based on slowness, 

weakness, exhaustion, and flexibility), HR percentage increase due to physical activity and decrease due 

to rest, and ANS performance (scored from 0: “poor” to 1: “excellent”). ANS performance was measured 

using convergent cross mapping (CCM) representing the interconnection between HR and motor data. 

ANOVA models were used with the Fried frailty, AS condition, age, BMI, and sex as independent variables 

and UEF outcomes as dependent variables. There was a significant difference in UEF motor scores between 

older adults with and without AS and between the frailty groups. CCM parameters showed significant 

differences between the frailty groups; however, they were not found to be significantly different between 

the AS groups. No significant interaction was observed between frailty and AS condition. Our findings 

suggested that ANS measures may be highly associated with frailty regardless of AS condition. Combining 

motor and HR dynamics parameters in a multimodal model may provide a promising tool for frailty 

assessment.   

The results presented in this work show ways in which data acquired from wearable sensors could be 

translated into injury prediction and frailty assessment. These are topics that seem to be deeply important 

and responsive to future demographic changes in healthcare systems, regarding frailty and aging. 



 
12 

1. INTRODUCTION 

 

1.1. Wearable sensors in health system  
 

Advances together with the improvement of quality of life have contributed to significant increases in the 

elderly population and average lifetime during the last decades (1). Although this fact is promising, new 

medical and logistic concerns appeared. These changes will not only lead to a rise in multimorbidity and 

aging-related prevalent diseases (2), but also to a deficit of the health workforce concerning the increased 

need for care. Even now is possible to observe that the potential support ratio (PSR), defined by the 

number of persons aged 15 to 64 years divided by the number of persons aged 65 and above (3), has 

alarmingly decreased worldwide from 11.7 in 1950 to an expected to be 2.7 in 2050. Indeed, while it is 

expected to have a healthier elderly population than years ago, the PSR changes may outweigh this effect. 

For solution, biomedical engineering has focused on developing new devices, software, and equipment 

for improving medicine. 

Wearable sensors and devices have become a research topic of interest because they can potentially 

contribute to modern healthcare logistics, such as delivering part of care services, remote and ambulatory 

monitoring, assessment, patient therapy and rehabilitations, and prognosis. They basically are one 

potential key to solve the demographic issues we will face in some years, in addition to reducing healthcare 

costs by decreasing clinical visits and hospitalizations, through prevention or remote medical guidance.  

Wearable devices involve a wide range of sensors that can be categorized into medical and peripheral 

sensors. The term “wearable” implies that the device is attached to the human body or in a piece of 

clothing, and its design allows prolonged use. They have become popular and widely used in their 

commercial versions, developed for non-clinical applications such as for sports (heart rate monitoring, 

pedometer, respiration rate, etc.). The evolution of wearable technology has led to numerous advances in 

models for assessment and prognosis.  Multimodal methodologies use combinations of methodologies to 

reach reliable assessment (4).  The methodologies for feature detection, assessment, and decision support 

can also involve the use of intelligent information processing, such as machine and deep learning. The 
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wearable technology allows real-time functionality assessment, and consequently more accurate 

assessments compared to subjective questionnaires. 

In this thesis, we presented the main studies performed during the PhD, which are related to the 

development of models for brain injury prediction and frailty assessment using multimodal 

methodologies, in which wearable sensors are the data source. They represent an effort to show the value 

of wearable technology and data engineering use in prevalent medical scenarios that affect millions of 

people every day, to improve the health system and, in the future, contribute to less expensive and 

accurate solutions to counterweight the demographic imbalance that will affect the healthcare workforce. 

 

1.2. Wearable sensors to improve brain injury prediction in head impacts in 

sports 
 

Traumatic brain injury (TBI) is an injury that affects the brain functionality. It is a major cause of death by 

injury and one of the most debilitating health problems in the US, with nearly two million cases every year 

(5). Leading causes of TBI are falls, being struck by or against an object, and motor-vehicle crashes. 

Historically, the diagnosis standard for brain injury assessment has been a clinical task. Recently, several 

efforts for early injury and outcome predictions have been developed, including regression (6,7), 

traditional machine learning (ML)-based (8,9), and the more recent deep learning-based models (10–13). 

Head impact kinematics is one of the most consequential metrics in predicting brain injury. Indeed, they 

are still widely used among researchers (14–18). With the advent of wearable sensor technology, several 

groups have been collecting on-field head kinematic measurements during contact sports events (19–22), 

since the sports related-TBI represents up to one-third of all causes of TBI (23). However, despite these 

efforts of data acquisition, on-field head kinematic measurements are not widely available. As a result, 

researchers have resorted to simplifying parameterizations of head collisions as idealized biphasic 

acceleration impulses (24–26). A potential disadvantage of these simplifications is overlooking valuable 

information that could be transcendental in the development of injury metrics. It is also important to 

characterize real-world head impact kinematics through simplifications that minimize the information lost.  
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Of note, kinematics describes the inertial response of the brain to head impacts; however, they are limited 

in the estimation of the dynamic brain response. Investigations have shown that strain, a metric of the 

tissue-level response of the brain based on its local deformation, is a better predictor of injury compared 

to kinematics (27,28). This finding has been validated through several cadaveric brain response, ultrasound 

techniques, and animal models. In order to estimate strain inside the brain, finite element models (FEM) 

of human head have been developed, including several structural features such as brain anisotropy, 

meninges, skull and cerebrospinal fluid (CSF) (29,30). Further, several brain tissue-level metrics based on 

strain have shown to be associated with brain injury, such as strain rate (deformation speed), fiber strain 

and cumulative strain damage measure CSDM (31), among others. There are some regions of the brain 

which are intimately related to one of the mechanisms of TBI, the Diffuse Axonal Injury (DAI). Axons are 

susceptible to damage due to rapid deformations by head impacts. Notably, one of the regions of the brain 

with denser population of axons is the corpus callosum, and consequently the fiber strain on the corpus 

callosum is one of the most accurate metrics for brain injury. 

Furthermore, advances in computational methods, including deep learning algorithms, have provided new 

and exciting avenues for fast and accurate prediction and diagnosis of brain injury. Nevertheless, these 

techniques require a large number of kinematics data to train these algorithms (10,32). Currently, such a 

data set is not widely available. Thus, artificial augmentation of kinematic samples has been utilized as an 

alternative to satisfy the training data set requirements of such algorithms. In the following chapter, we 

presented a study in which a formal method is presented for extracting the most dominant features of on-

field impact kinematics in sports. We subsequently used those features to construct an augmented data 

set that resembles the on-field measurements minimizing the information lost. Moreover, we present a 

modal reconstruction technique that, despite using relatively few modes, can emulate a desired number 

of augmented head impacts that are statistically similar to the ground truth impact measurements. This 

study represents an effort to improve brain injury prediction through the usage of wearable sensors.  
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1.3. Wearable sensors for assessing frailty 

 

Older adult therapy strategies are not trivial due to the heterogeneity of the aging population (33,34). 

Subsequently, stratification of the status of older adults is required to manage personalized decisions in 

elderly healthcare. Frailty has been deemed as the way to fulfill this categorization need, which is an aging 

syndrome related to low physiological reserves in organs and systems and is associated with increased risk 

of hospitalization, adverse therapy outcomes, disability, and mortality (35).  Frailty affects approximately 

11% of community-dwelling older adults and as many as 30-70% of older surgical patients (36,37). 

There are several efforts to develop multidimensional frailty assessment tools. The Fried frailty index and 

the Rockwood score are the most commonly used frailty measurements (35,38). However, practical issues 

such as the time requirement, partially objective measurements, multiple pieces of clinical information for 

the Rockwood score, and limitations in the applicability of these tools in clinical settings for the Fried test 

are the main concerns of these assessment instruments. In later chapters, two studies are presented that 

introduce a novel frailty assessment tool that solves many of the issues of its predecessors, in a simple, 

non-physically exhaustive, fast, and accurate arm test. 

 

1.3.1. Cardiac-motor interconnection as a frailty assessment tool in older adults 

 
Wearable sensor technologies are already advanced in terms of their technical capabilities and are 

frequently used for cardio-vascular monitoring since the 1960s when the Holter monitor was introduced 

for the very first time (39). Nowadays, thanks to the miniaturization and refinement of sensors, using ECG 

wearable sensors allows us to record heart rate (HR) in real-time. Heart rate variability (HRV) and HR 

complexity during resting have been used as metrics for assessing autonomic nervous system (ANS) 

dysfunction. However, they are not directly associated with HR increase or recovery due to physical tasks, 

and there are between-subject and diurnal variabilities in HRV (40–43). Therefore, Toosizadeh et. al (44) 

previously introduced a combined motor and cardiac-based frailty assessment tool, in which HR dynamics 

are studied simultaneously with a motor frailty score during a 20-seconds flexion-extension arm test for 
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assessing cardiac and motor function and validating an accurate tool for frailty identification. The motor 

assessment was performed using wearable gyroscope sensors.  

While that research showed alterations in cardiac and motor systems for frail participants, the association 

between frailty and dynamic interconnection between cardiac and motor systems is still unclear. The 

principle of network physiology states that the human body is a complex network of several physiological 

systems, where intricate dynamics exist between these systems to maintain homeostasis (45,46). Accurate 

identification of frailty requires a collection of information across multiple physiological systems (45–48), 

rather than only system-specific evaluations. Inspired by this fact, we propose a novel frailty predictor 

based on the interconnection between the cardiac and motor function through a multimodal model, being 

extensively detailed in chapter 3. 

 

 

1.3.2. Frailty assessment in aortic stenosis patients 
 

Noncommunicable diseases (NCDs) refers to a group of condition that are not mainly caused by an acute 

infection, resulting in long-term health consequences, and often creating a need for long-term treatment 

and care. According to the global burden of disease collaborative network, NCDs kill 41 million people 

each year, equivalent to 74% of all deaths globally (49). These data predict (for the year 2030) the highest 

world-wide mortality to be caused by heart disease (13.4%) (1). Morbidity, mortality, and economic 

burden of AS remain unacceptably high (51–53). Like other types of heart disease, AS is a disease of aging 

associated with the risk for frailty and is becoming more frequent as the population average age increases 

(54–57). Frailty assessment is not common in cardiology, especially for AS patients (58), because the Fried 

and Rockwood assessment tools are arduous, fully or partially subjective, require trained clinical staff to 

perform, or require walking for physical assessment (59,60). More importantly, no disease-specific tool is 

available to identify heart disease-related frailty that can be implemented for AS patients. In chapter 4, we 

presented a study in which we propose a frailty assessment tool on AS patients, combining motor score, 

HR dynamics, and cardiac-motor interconnection.  
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1.4. Specific aims 

 

This research aimed to develop models to improve the prediction of head injury through data 

augmentation and accurately assess frailty. For these purposes, we used validated mathematical tools, 

including principal component analysis and convergent cross-mapping, on real transient data acquired by 

wearable sensors.  

1.4.1. Chapter 2: Low-rank representation of head impact kinematics: A data-driven 

emulator 
 

In this chapter, we present a method describing a data-driven head impact kinematics emulator. We 

analyzed a previously acquired 6 degrees-of-freedom kinematic data set of 537 head impacts measured 

during contact sports, using a mouthguard instrumented with a triaxial accelerometer and a triaxial 

gyroscope (19). Using principal component analysis we decreased the dimensionality of the measured 

head impact kinematics to construct a low-rank kinematics data set, and we contrasted this dataset with 

other kinematics approximations. We investigated the efficacy of each approximation by comparing its 

performance in detecting brain motion/deformation and injury prediction using three types of injury 

metrics. We compared the performance of each approximation against the ground truth (GT) data. We 

performed power spectral density analysis on the derived temporal modes to obtain their predominant 

frequencies. Finally, we present a modal reconstruction method for emulating augmented head impacts 

based on the normal distribution observed in the GT data. 

 

1.4.2. Chapter 3: Associating frailty and dynamic dysregulation between motor and 

cardiac autonomic systems 
 

This chapter covers a methodology for assessing cardiac-motor interconnection as an independent frailty 

predictor. Fifty-six older adult participants (65 years) were recruited from community dwellings. First, we 

assessed frailty using the five-component Fried phenotype and participants were categorized into two 

frailty groups (non-frail and pre-frail/frail). We collected clinical measurements for adjusting physical 
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activity and cardiovascular performance based on cognitive status, comorbidity score, and depression. 

Then, participants performed the upper-extremity function (UEF) consisting of an extension-flexion arm 

test for 20 seconds, while we monitored the motor performance with wearable gyroscopes attached to 

the arm, and cardiac performance with a wearable electrocardiogram. We quantitatively assessed the 

directional nonlinear interactions between HR and motor data using the convergent cross-mapping 

technique (CCM). We compared the CCM parameters between frailty groups through a multivariable 

ANOVA model considering age, sex, and BMI as adjusting variables. Finally, we built a multimodal model 

including the proposed interconnection parameters. 

 

1.4.3. Chapter 4: Frailty Assessment in Aortic Stenosis based on Dynamic Interconnection 

between Cardiac and Motor Systems 

 
In chapter 4 we presented an investigation of frailty symptoms in aortic stenosis (AS) patients. We 

compared different parameters we found significantly associated with frailty, i.e. motor score, HR 

percentile changes, and CCM-based interconnection parameters, on 31 aortic stenosis and 55 non-aortic 

stenosis (NAS) participants. We considered age, sex, BMI, and comorbidity index score as adjusting 

variables. We previously assessed the frailty status of all the participants using the Fried frailty phenotype 

test. ANOVA analyses for comparing motor, cardiac, and CCM parameters across frailty groups and NAS/AS 

conditions were repeated with clinical measures with significant association with frailty as covariates. We 

tested our hypothesis of a weaker interconnection between motor and HR performance among pre-

frail/frail participants, independent of AS condition.  
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2. LOW-RANK REPRESENTATION OF HEAD IMPACT KINEMATICS: A DATA-

DRIVEN EMULATOR 

 

2.1. Introduction 

 
Traumatic brain injury (TBI) is one of the most debilitating health problems in our society today, with nearly 

two million new cases in the US every year (5). The majority of these cases are considered mild, also known 

as concussion (61). The substantial increase in reported concussions in contact sports (62), together with 

the recent findings of increased long-term pathological changes (63), has sparked a public discussion and 

raised awareness about TBI. An important requirement is an accurate and objective diagnosis of 

concussions, which in turn could inform better protective equipment design and safer activities (64–68). 

Head motion kinematics, including the rate, frequency and direction of head's movement during collision, 

has been deemed as one of the most consequential metric in predicting brain injury. Historically, 

kinematic-based metrics such as head injury criterion (HIC) (14), rotational injury criterion (RIC) (15), and 

brain injury criterion (BrIC) (16) have been used to detect injury. These metrics are still widely used among 

researchers and are endorsed by safety regulating organizations such as the National Highway Traffic 

Safety Administration (NHTSA) (17) and the National Operating Committee on Standards for Athletic 

Equipment (NOCSAE) (18).  

More recently, brain tissue deformation-based metrics have been introduced that use head kinematics as 

input to computational models that can approximate the effect of head motion on brain displacement and 

deformation. These metrics either use simple discrete mechanical elements in lumped-parameter models, 

i.e. mass-spring-damper combinations, to give a rigid-body estimate of brain's relative motion with respect 

to the skull (69–71), or more complex finite element (FE) models with detailed geometry of the brain 

anatomy, which can simulate the local brain deformation and interaction with the stiff bony or 

membranous structures (25,72,73).   

In the case of lumped models, brain angle metric (BAM), developed based on a data set of concussive and 

sub-concussive head impacts (74), and in the case of FE models, maximum principal strain (MPS) and 
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axonal fiber strain (FS) along the white matter axon fibers have been proposed as effective injury diagnosis 

metrics (75).  

Evidently, both for the kinematic-based and the brain deformation-based metrics, head impact kinematics 

play a major role. With the advent of wearable sensor technology, several groups have been collecting on-

field head kinematic measurements during contact sports events (19,21,22,76,77). However, despite these 

pioneering efforts, on-field head kinematic measurements are not widely available. As a result, 

researchers have resorted to simplifying parameterizations of head collisions as idealized biphasic 

acceleration impulses (24,26,78). These biphasic impulses are commonly represented either by a triangle 

or half-sine and defined by two parameters: height and width constitute the magnitude and duration of a 

head impact impulse. The simplification of kinematic impulses serves the objective of emulating on-field 

kinematic data of a head impact with a few and manageable number of parameters to populate an 

otherwise infinite-dimensional loading space to investigate and establish a relation between head motion 

and brain injury. However, a potential disadvantage of these simplifications is overlooking valuable 

information that could prove detrimental in developing injury metrics. Therefore, it is paramount to 

understand the characteristics of real-world head impacts and whether we can accurately capture them 

through simplified approximations.  

Furthermore, advances in computational methods, including machine learning algorithms, have provided 

new and exciting avenues . As a result, given the prohibitively high computational cost of current FE 

models, the biomechanics community has been trying to utilize such interpolative and machine learning 

techniques (10,75,78,79). However, a limitation of those techniques is the large number of kinematic data 

required to train these algorithms (in the order of thousands of head impacts (10). Currently such a data 

set is not widely available. Thus, artificial augmentation of kinematic samples has been utilized as an 

alternative to satisfy the training data set requirements of such algorithms. 

In this paper, we present a formal method to extract the most dominant features of on-field head impact 

kinematics from existing data in the context of contact sports. We subsequently use the extracted features 

in order to construct an augmented data set that resembles the on-field measurements.  
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We hypothesize that by using our method, based on principal component analysis (PCA), we will acquire 

more accurate injury predictions than current biphasic impulse approximations when compared against 

the ground truth measurements.   

Furthermore, we present a modal reconstruction technique that, despite using relatively few modes, can 

emulate a desired number of augmented head impacts that are statistically similar to the ground truth 

impact measurements.  

 

2.2. Materials and method 
 

In order to study the characteristics of head impact kinematics and the efficacy of simplified 

approximations, we used a previously-collected data set of 537 head impact kinematics measured during 

contact sports, including American football, boxing, and mixed martial arts (19,20). For each impact, 6 

degrees of freedom (DoF) kinematics -- linear acceleration and angular velocity in the three anatomical 

directions -- were collected at 1,000Hz for 100ms using a mouthguard instrumented with a triaxial 

accelerometer and a triaxial gyroscope (19). We construct three different reduced kinematics data sets to 

approximate the measured kinematics: 1) using principal component analysis (PCA), we decrease the 

dimensionality of the measured head impact kinematics to construct a low-rank kinematics data set, and 

2-3) using previously proposed biphasic assumptions for acceleration impulses with acceleration 

magnitude and duration as the two variables, we construct biphasic data sets once for triangle (Tri) and 

once for half-sine (HS) approximations.  

We investigate the efficacy of each approximation by comparing its performance in detecting brain 

motion/deformation and injury prediction using three types of metrics: 1) kinematics-based injury metrics, 

including HIC, RIC and BrIC, 2) brain angle metric (BAM), and 3) tissue deformation-based finite element 

injury metrics, including maximum principal strain (MPS) and axonal fiber strain (FS) in the whole brain 

(WB) and corpus callosum (CC).   

We compare the performance of each approximation against the ground truth (GT) data described above. 

We perform power spectral density (PSD) analysis on the derived temporal modes to obtain their 
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predominant frequencies. These values are given by the maximum power spectral density (PSD) values of 

each mode.  

Finally, we present a modal reconstruction method for emulating augmented head impacts. 

 

2.2.1. Dimension reduction through principal component analysis 
 

Our goal is to exploit the correlations between different measurements and find a reduced representation 

for three quantities of interest (QoIs), including: linear acceleration, angular velocity and angular 

acceleration in each anatomical direction.  In the case of linear kinematics,  anterior-posterior, inferior-

superior, and lateral directions are considered and in the case of angular kinematics, axial, coronal and 

sagittal directions are considered as separate QoIs. To this end, we apply principal component analysis 

(PCA) to our data set. For each QoI, we form a data matrix 𝑿𝑚×𝑛, where n=537 is the number of measured 

head impacts and m=100 is the number of time steps, and 𝑿 = [𝒙1|𝒙2| … |𝒙𝑛], where each column 

represents the measured QoI for a particular head impact and  each row represents the time instance of 

the measurement. To perform  PCA, we compute the singular value decomposition (SVD) of the data 

matrix: 𝑿 = 𝑼𝚺𝒀𝑇, where 𝑼 = [𝒖1|𝒖2| … |𝒖𝑛]  are a set of orthonormal modes, i.e. 𝒖𝑖
𝑇𝒖𝑗 = 𝛿𝑖𝑗, 𝚺 =

diag(𝜎1, 𝜎2, … , 𝜎𝑛) is a diagonal matrix, where 𝜎1 ≥ 𝜎2 ≥ ⋯ ≥ 𝜎𝑛  are the singular values, and 𝒀 =

[𝒚1|𝒚2| … |𝒚𝑛] are the uncorrelated linear components, i.e. 𝒚𝑖
𝑇𝒚𝑗 = 𝛿𝑖𝑗  with  the joint probability 

distribution function (PDF) of 𝑝(𝑦1, 𝑦2, … , 𝑦𝑛). This gives an ordered array of the modal contributions 

inherent to head impacts response. Finally, we perform power spectral density (PSD) analysis on the 

derived modes 𝒖𝑖  to obtain their predominant frequencies. These values are given by the maximum PSD 

values of each mode.  

A reduced representation of the impact data is obtained by: 𝑿 ≃ ∑ 𝜎𝑖𝒖𝑖𝒚𝑖
𝑇𝑘

𝑖=1 . To quantify the 

performance of the reduction,  we introduce:  

𝜂(𝑘) =
∑ 𝜎𝑖

𝑘
𝑖=1

∑ 𝜎𝑖
𝑛
𝑖=1

,                 (2.1) 
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2.2.2. Data-driven emulator 
 

Once we extract the modal characteristics of the head impact data set, a reduced emulator of the head 

impact kinematics is obtained by truncating to k PCA modes: 

𝒙∗ = ∑ 𝜎𝑖𝑦𝑖
∗𝒖𝑖

𝑘

𝑖=1

,             (2.2) 

where (𝑦1
∗, 𝑦2

∗, … , 𝑦𝑘
∗) is a random point with k components drawn from the marginal PDF of 

𝑝(𝑦1, 𝑦2, … , 𝑦𝑛). Equation (2.1) can be used as an emulator for producing new time series (𝒙∗) for each of 

the QoIs that are nearly indistinguishable from the ground truth head impact kinematics measurements. 

Our approach can be interpreted as a stochastic dimension reduction technique and it is a special case of 

dimension reduction with time-dependent modes (80–84), in which the loading is a random input and the 

QoIs are random output.  In order to ensure high quality augmented data, we establish features to 

statistically compare new time series with the GT, including parameters such as impact time, peak and 

duration of impacts, and orthonormal projections of PCA modes.  

We will provide this emulator as a stand-alone program that allow users to build low-rank head kinematics 

data sets with various approximation levels (k) and emulate a pre-defined number of impacts.  

 

Figure 2.1: Constructing triangular and half-sine biphasic impulses (26,78): a representative angular 

acceleration trace in the coronal plane, magnified to better represent initiation time (𝑡0), completion time 

(𝑡1), time of peak (𝑡𝑀), and peak acceleration (𝛼𝑇𝑟𝑖  and 𝛼𝐻𝑆). 
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2.2.3. Parametrizing biphasic impulse profiles 
 

In order to compare the performance of previously proposed biphasic models for angular and linear 

acceleration impulses (26,78) against our low-rank PCA approximation, we reconstruct biphasic triangle 

(tri) and half-sine (hs) representations of the 537 head impacts described above. First, the maximum 

absolute value of the angular acceleration profile (𝛼𝑀) -- computed by differentiating angular velocity 

measurements using a first order forward divided difference method (two points) -- was identified, 

including the time of peak (𝑡𝑀). The impact duration (Δ𝑡) is defined as the time interval on either side of 

𝑡𝑀. The boundary of this interval is defined as where the sign or the convexity of the acceleration profile 

(whichever comes first) changes. Convexity changes are computed based on the second derivative test 

using a common three-point stencil central finite difference derivative. This process is described in Figure 

2.1, where the impact duration (Δ𝑡 = 𝑡1 − 𝑡0) is the time elapsed between the initiation time (𝑡0 < 𝑡𝑀) 

and the completion time (𝑡1 > 𝑡𝑀) of impact. In the cases where 𝑡𝑀 →  0𝑚𝑠 or 𝑡𝑀 →  100𝑚𝑠, since it is 

not possible to define 𝑡0 or 𝑡1correctly, only half of the simplified pulse was created. Finally, the change in 

velocity (Δ𝝎) was computed as the area under the acceleration impulse (Δ𝜔 = ∫ 𝛼
𝑡1

𝑡0
(𝑡)𝑑𝑡), and the 

corresponding acceleration magnitudes for the triangle (𝛼𝑇𝑟𝑖) and half-sine (𝛼𝐻𝑆) approximations were 

calculated through: 

𝛼𝑇𝑟𝑖 = 2
Δ𝜔

Δ𝑡
,          𝛼𝐻𝑆 = 𝜋

Δ𝜔

2Δ𝑡
,                (2.3) 

        Angular velocity pulses were then computed through direct temporal integration of low-rank angular 

acceleration pulses. 
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2.2.4. Accuracy of injury prediction metrics 
 

2.2.4.1. Kinematics-based injury metrics 

 

We used 𝐻𝐼𝐶15, 𝑅𝐼𝐶36 and 𝐵𝑟𝐼𝐶 to compare the performance of our proposed PCA reduction against the 

triangle and half-sine  biphasic signals, i.e. triangle and half-sine approximations. To this end, we used 

previously published injury threshold values: 1) for 𝐻𝐼𝐶15, values of 240 and 667 have been reported as 

50% risk of concussion (85) and skull fracture (86), respectively; 2) for 𝑅𝐼𝐶36, a value of 10.3 × 106 is 

reported as 50% risk of concussion (15); and 3) for 𝐵𝑟𝐼𝐶, a value of 0.5 constitutes a 50% concussion risk 

(16). We used these thresholds to assess the performance of each reduction approach in providing injury 

predictions in terms of sensitivity and specificity with respect to the ground truth measurements.  

 

Injury thresholds were used as indicators, defining true positives (above the threshold) and negatives 

(below the threshold), while the predictive value of each impulse approximation was compared against 

the GT measurement.  

  

 

Figure 2.2: Representation of strains metrics with highlighted regions: a) maximum principal strain (MPS) 

in the whole brain (WB), b) maximum principal strain (MPS) in the corpus callosum (CC), c) fiber strain (FS) 

in the corpus callosum (CC). Fiber colors represents directions: inferior-superior (blue), lateral (red) and 
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anterior-posterior (green). Images were generated using 3DSlicer from ATLAS-based anatomical 

representation in FreeSurfer (87). 

 

2.2.4.2. Brain angle injury metric 

 

We further compared the performance of each approximation using injury criterion based on  lumped-

parameter models of the head.  

These models generally consider simplifying assumptions: skull and brain are considered rigid bodies and 

relative motion between the two represents a form of deformation and injury, and the compliance of the 

brain-skull interface such as the effect of bridging veins, dura and pia maters is represented by linear spring 

and damper elements (71,88,89). Given the head kinematics as the base excitation input, these models 

can estimate the relative motion of brain and skull, particularly the angular motion since that has been 

seen as the more consequential type of motion (90). Recently, brain angle metric (BAM) was developed 

based on the characteristics of human brain and skull in finite element simulations, and validated against 

observed concussive and sub-concussive head impacts (74). We compute BAM for each kinematic 

approximation (PCA, triangle and half-sine). 

2.2.4.3. Tissue deformation-based injury metrics 

 

As a final step in studying the efficacy of the different kinematic approximations, we compared the 

performance of each approximation in predicting the tissue-level deformation metrics using finite element 

simulations, including maximum principal strain (MPS) in the whole brain (WB) and in the corpus callosum 

(CC) region, as well as axonal fiber strains (FS) in the corpus callosum region, which have all been proposed 

as predictive tissue-level metrics for injury classification (27,76,91) (Figure 2.2). Recently a convolutional 

neural network (CNN) was developed based on pre-trained FE simulations based on the Worcester Head 

Injury Model (WHIM) (92). This CNN method uses angular velocity data as input to approximate the 

regional brain deformations, i.e. maximum principal and axonal fiber strain (10).  

 



 
27 

2.2.4.4. Injury metric error analysis 

 

Having simulated the injury metrics for each head impact measurement, we calculated the corresponding 

injury metric (𝑚𝑒𝑡𝑟𝑖𝑐𝐺𝑇) and the injury metric estimated by the kinematics approximation (𝑚𝑒𝑡𝑟𝑖𝑐𝑎𝑝𝑝𝑟𝑜𝑥) 

using the equation below: 

𝑒𝑟𝑟𝑜𝑟 = |
𝑚𝑒𝑡𝑟𝑖𝑐𝑎𝑝𝑝𝑟𝑜𝑥 − 𝑚𝑒𝑡𝑟𝑖𝑐𝐺𝑇

𝑚𝑒𝑡𝑟𝑖𝑐𝐺𝑇
| × 100.          (2.4) 

Subsequently, we performed Friedman test (93) with a p value of 0.01 (MATLAB, friedman) to show 

significant differences between each approximated impulse and the ground truth. We also performed 

sensitivity and specificity analysis to provide an estimate for the efficacy of approximating the metrics for 

injury diagnosis. For this purpose, we used previously published values for 50% risk of concussion, 

including 𝑀𝑃𝑆𝑊𝐵 = 0.2 (94), 𝑀𝑃𝑆𝐶𝐶 = 0.2 (27), and 𝐹𝑆𝐶𝐶 = 0.074 (95). 

 

Figure 2.3: Low-rank reconstruction of angular velocity using k=3, 5, 15 PCA modes. Bottom: Individual 

and cumulative contribution of PCA modes for angular velocity reconstruction. Columns from left to right 

show results for coronal, sagittal and axial directions, respectively. 
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2.3. Results 
 

2.3.1. Dimension reduction through PCA 
 

We performed PCA on the measured kinematics data for the QoIs, i.e. linear acceleration, angular velocity 

and angular acceleration in each anatomical direction.  We used the reduction criterion of 𝜂 =  0.90, as 

defined in Equation 2.1, for all these cases. In the case of angular velocity, the minimum number of modes 

that satisfies this reduction criterion is k=13, 15 and 10 modes for coronal, sagittal and axial directions, 

respectively.  

In Figure 2.3 (top row),  the PCA reconstruction of angular velocity in three anatomical directions for a 

sample case is shown. The sample case was chosen randomly from the 537 cases and it is represented by 

a column of the data matrix 𝑿. The ground truth measurement for the sample case as well as the 

reconstructed impulses with different levels of reduction are shown. It is clear that the 15-mode reduction 

yields a satisfactory reconstruction.  In Figure 2.3 (bottom row) the individual and cumulative contribution 

of PCA modes are shown for the entire kinematics data set. These results demonstrate that with a 

relatively small number of PCA modes an accurate approximation of the head kinematic measurements 

can be achieved. As an additional analysis, in order to determine the convergence of this method, we 

performed PCA with several randomly selected subsets of the 537 ground truth measurements (with 100, 

200, 300, 400, and 500 samples) and investigated the number of modes required to satisfy the 𝜂 > 0.90 

criterion. The results show that the minimum number of modes slightly grows with subsets size but levels 

off below 500 cases, indicating that our data set of 537 could be sufficient to reliably reconstruct a head 

impact data set (See SM.8). 

2.3.2. Data-driven emulator 
 

The first three temporal modes show a classic modal behavior with 1, 2, and 3 peaks in all three anatomical 

directions (Figure 2.4).  
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Together, these first three modes capture nearly half of the total angular velocity response, and with each 

additional mode, we can reconstruct a closer approximation with the ground truth. For more analysis of 

the modes, see Supplementary Materials Figures SM.2 and SM.4. 

To further study the distribution of these modal approximations, we show the orthonormal projection of 

the first five PCA modes (𝑦2, . . . , 𝑦5) against the first and most energetic mode (𝑦1) of the PCA data (black 

circles and bars in Figure 2.5). It is clear that the modes follow a Gaussian distribution, which would be an 

important consideration for emulating more data points.   

To show the performance of our data-driven emulator, we reproduced an additional k=537 head impact 

cases by randomizing the 𝑦𝑘
∗  columns each with the same mean and variance as the original 𝒀 matrix 

(Equation 2.2). Projection of the orthonormal vectors 𝒚𝑖
∗ on 𝒚1

∗  for an augmented data set (red circles and 

bars in Figure 2.5) shows similar distribution as the ground truth data. In addition, features of the 

augmented data generated on our emulator, such as duration and peak distributions, have not significant 

differences with respect those of GT (See figures SM.5, SM.6 and SM.7).  

Thus, our emulator is able to successfully generate reliable kinematics sets of data based on real on-field 

measurements. A copy of the head impact kinematics emulator will be available on our website (96). 

 

Figure 2.4: The three most energetic temporal modes for angular velocity for the entire 537 head impact 

data set. 
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Figure 2.5: Distribution graphs for second to fifth principal components (𝑦2 , . . . , 𝑦5) projected on to the 

first principal component (𝑦1) for angular velocity in the sagittal direction. PCA data (in black) follows a 

Gaussian distribution. Emulated data (red) is generated performing a Gaussian random number generator 

based on mean and variances from the PCA modes. 

2.3.3. Natural frequencies 
 

The contribution of the most dominant frequencies, obtained through PSD criterion, are displayed in 

Figure 2.6. In general, low frequencies interval such from 10 to 40Hz have the highest predominance for 

each parameter. Notably, the cumulative contribution for rotational velocity is progressively decreasing 

with increasing frequency.  

 

Figure 2.6:  Natural frequencies and their contribution to head motion kinematics. 

 



 
31 

2.3.4. Parametrizing biphasic impulse profiles 

 
Using the criteria described above, we fitted triangle and half-sine analog pulses to the ground truth 

kinematics measurements in order to parametrize the rotational acceleration magnitude and duration for 

each head impact. As a result, we derived 537 analog impulses in the three anatomical directions for both 

triangle and half-sine approximations. The results are presented in Table 2.1, where the rotational 

acceleration magnitude and duration average and standard errors of the mean are given for the ground 

truth and the impulses approximations. 

 

 

Table 2.1: Mean and standard error of acceleration magnitude and duration for ground truth and three 

approximations (PCA, triangle, half-sine). The PCA magnitudes were obtained by decomposing the ground 

truth angular accelerations for the criterion 𝜂 = 0.90, which constituted of 21 modes for coronal and 

sagittal directions and 20 modes for axial direction (See Figure SM.3). 

 

 

2.3.5. Accuracy for injury prediction metrics 
 

2.3.5.1. Kinematic-based injury metrics 

 

The injury metrics 𝐻𝐼𝐶15, 𝑅𝐼𝐶36 and 𝐵𝑟𝐼𝐶 were computed for every model and the ground truth. Figure 

2.7 shows the distribution of all samples and the corresponding concussion and skull fracture thresholds.  
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The PCA predictions showed similar mean and standard deviations for HIC and RIC (38.20 ± 139.55 and 

$1.89 × 106 ± 7.66 × 106 respectively) as the ground truth (38.49 ± 140.13 and 2.26 × 106 ±

9.04 × 106); however, there is a significant difference between the ground truth predictions and the 

triangle (15.74 ± 41.71 and 3.98 × 105 ± 1.06 × 107) and half-sine (14.80 ± 39.31 and 3.86 × 105 ±

1.02 × 10^6) impulses.  

Additionally, whereas the PCA-based impulses showed accurate predictions compared to the ground truth, 

we observed that the biphasic approximations either under-predicted injury (higher number of false 

negatives) in terms of HIC and RIC, or over-predicted injury (higher number of false positives) in terms of 

BrIC (Figure 2.7).  

To better illustrate this, we performed sensitivity and specificity analysis for injury classification with 

respect to the ground truth, where the PCA-based signals showed high predictive performance compared 

to the biphasic impulses (Table 2.2).  

 

 

Figure 2.7: Computed 𝐻𝐼𝐶15, 𝑅𝐼𝐶36 and 𝐵𝑟𝐼𝐶 for each of the ground truth (GT) and the three 

approximated data sets: PCA, triangle (Tri), and half-sine (HS). The circles represent each sample, the solid 

red line represents the mean, and the blue and red regions show the standard deviation and standard 

error, respectively. The solid blue and dashed red lines represent 50% risk of concussion and skull fracture, 

respectively. Significant differences are indicated for p<0.01. HIC and RIC graphs are on log-scale. 
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Table 2.2: Sensitivity and specificity of kinematics-based injury metrics for 𝐻𝐼𝐶15, 𝑅𝐼𝐶36 and 𝐵𝑟𝐼𝐶 for the 

three approximations: PCA-based method, triangles (Tri) and half-sine (HS) compared to the ground truth, 

considering thresholds of 50% risk of injuries. 

 

 

2.3.5.2. Brain angle injury metric 

 

We computed 3DoF relative brain angles using the lumped model proposed in (74) to obtain the maximum 

resultant relative brain angle as a result of each head impact based on the ground truth kinematics and 

each of the three approximations. In coronal and axial directions, triangular and half-sine approximations 

gave significantly lower predictions for the brain angle metric, whereas the PCA modes showed no 

statistically significant difference from the ground truth (Figure 2.8). We observed substantially smaller 

approximation errors (Equation 2.4) for the PCA approach (∼ 3%) compared to the two biphasic 

approximations (∼ 25%) (Figure 2.8).  

 

Figure 2.8: Computed brain angle metric (BAM) values for each impact case based on ground truth and 

the corresponding PCA and biphasic approximations. The significant differences are indicated for p<0.01. 

The error comparison between models with means and SEM of each data set is shown on the right. 
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2.3.5.3. Tissue deformation-based injury metrics 

 

Similar to brain angle metric, we calculated the errors between the ground truth strain metrics and those 

of low-rank approximations.  

As can be seen in Figure 2.9, the PCA approach closely follows the ground truth simulation results in all 

three strain metrics: maximum principal strain (MPS) in the whole brain (WB) and corpus callosum (CC), 

as well as axonal fiber strain (FS) in the corpus callosum. The strains computed for the biphasic impulses 

significantly differ from the ground truth values and successively provide higher errors as we include 

region-specific and morphological information. Furthermore, based on the 50% concussion risk thresholds 

mentioned above, the PCA approach provides substantially higher sensitivity and specificity for injury 

classification (Table 2.3).  

 

Figure 2.9: Simulated strain metrics for ground truth head impact measurements and the corresponding 

PCA and biphasic approximations. The blue line shows the 50% risk of concussion for each metric. The 

significant differences are indicated for p<0.01. Also the mean and standard error of the mean are shown 

on the right for strain estimation errors.  

Table 2.3: Sensitivity and specificity of strain metrics for maximum principal strain (MPS) for whole brain 

(WB) and corpus callosum (CC), as well as fiber strain (FS) for CC compared to the ground truth, with 

respect the threshold of 50% risk of concussion. 
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2.4. Discussion 
 

In this study we provide a formal approach for reducing the dimensionality of head impact kinematics in 

contact sports settings. We first derived the most important modes contributing to the head kinematics 

through principal component analysis and then compared those to existing methods that approximate 

head kinematics with simple biphasic impulses. We show that the modal decomposition approach can 

capture the kinematic behavior of the head with better accuracy and provide better approximations of 

brain deformation and injury classification. This analysis confirms that although head kinematics during 

head collisions span a wide range of magnitudes and frequencies (76), we can accurately capture the 

impact head kinematics by using only a relatively small number of modes. The low-rank database 

constructed based on PCA analysis require only 15 modes to build the ground truth angular velocity 

kinematics with over 90% accuracy as well as accurately capture the predictive value of head impact 

kinematics using a variety of injury metrics.  

A major advantage of our approach is that with the acquired modes above, we are able to emulate a head 

impact data set with any given number of cases without needing access to the ground truth 

measurements. This emulated data set would closely replicate head impacts measured by on-field 

wearable sensors that constitute current state of the art.  

The advantage of this low-rank emulator, in addition to its computational efficiency, is that it avoids 

simplifying assumptions for the shape of acceleration impulses and only uses empirical measurements. In 

contrast, the conventional biphasic assumption for head impacts as simple impulses with only two 

variables, i.e. acceleration magnitude and duration, falls short in providing accurate estimates. This effect 

is more pronounced for acceleration impulses that are more variable due to the time derivative but is true 

for velocity profiles as well.  

This apparent lack of accuracy in injury prediction in the biphasic approximations might be due to the fact 

that the biphasic triangle and half-sine signals are built using acceleration signals and then integrated to 

give the corresponding velocity profiles. Since there is no restitutive deceleration for these impulses, 

angular velocity eventually becomes constant after the  acceleration returns to zero, contrary to the actual 

measured impulses (24). In the case of kinematics-based injury metrics, the discrepancies in misidentifying 
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concussive and subconcussive cases by HIC and RIC could be explained by these metrics' dependence on 

the shape of the acceleration impulse. In contrast, BrIC is only a function of peak angular velocity, and 

therefore exhibits less sensitivity to the shape of the impulse and  the biphasic impulse's lack of restitutive 

deceleration (Figure 2.7). 

In the case of brain angle metric, the biphasic impulse approximations show over five-fold errors compared 

to  PCA-based impulses. This difference could be attributed to the simplification of the biphasic models 

that influences the solution of the mechanical lumped-parameter models. This discrepancy seems to affect 

the coronal direction the most and the sagittal direction the least for the biphasic approximations.  

 

Similar to the brain angle results, brain finite element strains showed superior performance by our PCA-

based approach. In previous publications, it has been shown that the closer the model is to the correct 

anatomical and morphological attributes of the brain, the more accurate the injury predictions become 

(97,98). Similarly, we see a decline in performance for the biphasic models as we include more region-

specific and morphological details: from maximum principal strains (MPS) in the whole brain to MPS in 

corpus callosum and on to axonal fiber strains (Table 2.3).  

Several other points are worth noting based on our analysis. Relative with time domain, we observe 

differences in kinematics profiles in the three anatomical directions. It seems that the head experiences 

higher linear accelerations in the anterior-posterior direction (3.54 ± 2.97𝑚/𝑠2) compared to lateral 

(2.62 ± 2.25𝑚/𝑠2) and inferior-superior (3.01 ± 3.44𝑚/𝑠2) directions, and higher angular accelerations 

in the sagittal direction (190.53 ± 177.34𝑟𝑎𝑑/𝑠2) compared to coronal (314.50 ± 401.53 𝑟𝑎𝑑/𝑠2) and 

axial (177.34 ± 128.16 𝑟𝑎𝑑/𝑠2) directions. This observation might be attributed to the type and direction 

of loading in the specific activity, e.g. direction of tackling in football, as well as anatomical features such 

as the neck constraint in those directions (99). In the frequency domain, there is a dominant low-frequency 

response (10 to 40 Hz) in the head kinematics, expressed by ∼ 90% of the total angular velocity response 

in the axial plane, ∼ 83% in the coronal plane and ∼ 74% in the sagittal plane, confirming previous 

findings on frequency dependence of head impacts (76,100). These results could prove useful for 

designing better helmets and other safety devices to avoid brain injury by targeting specific low-frequency 

range of motion.  
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In summary, our proposed PCA decomposition approach not only provides a deeper understanding of the 

head's response during impacts, but also provides a formal basis for reconstructing and augmenting head 

impact kinematics data. Our current emulator is built upon the 537 measured on-field head impacts 

described above and successfully generates new kinematic data, whose features such peak or duration 

are nearly indistinguishable (see figure SM.7). It is expected that with more on-field measurements, we 

would be able to improve the performance of the emulator even further, but our convergence analysis 

showed the available 537 cases to be sufficient (Figure SM.8). This type of approach might prove necessary 

given the increased need for larger training data sets in modern machine learning algorithms. 
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3. ASSOCIATING FRAILTY AND DYNAMIC DYSREGULATION BETWEEN 

MOTOR AND CARDIAC AUTONOMIC SYSTEMS 

 

3.1. Introduction 

 

Frailty is an aging syndrome related to low physiological reserves in organs and systems and is associated 

with increased risk of hospitalization, adverse therapy outcomes, disability, and mortality (35).  Muscle 

loss (sarcopenia), and weakness (dynapenia) are the main symptoms of frailty (101), which are triggered 

by metabolic and hormonal derangements (102–105), and the so called “heightened inflammatory state” 

(106), caused by excessive levels of C-reactive protein (CRP), proinflammatory cytokines interleukin 6 (IL-

6), and white blood cells and tumor necrosis factor-alpha (TNFalpha) (106–108). Consequently, frailty is 

highly associated with a decrease in motor function performance (109). Furthermore, frailty is associated 

with an impaired cardiac autonomic nervous system (ANS) because of alterations in the action potential 

on the sinoatrial node myocytes, which impacts the cardiac function and the heart rate variability (HRV) 

(110). While research showed alterations in several physiological systems, the association between frailty 

and dynamic interconnection between cardiac and motor systems is still unclear. Indeed, the human body 

is a complex network of several physiological systems, where intricate dynamics exist between these 

systems to maintain homeostasis (45,46). Accurate identification of the level of physiological reserve 

requires a collection of information across multiple physiological systems (45–48), rather than only system-

specific evaluations. To explore the extent of dynamic behaviors within and across physiological systems, 

principles of network physiology has been introduced. The concept of network physiology claims that 

dysregulation of interactions between physiological systems leads to loss of resilience and the ability to 

recover from stressors (47), which is inherent to the concept of frailty.  

 

We have previously developed a methodology for assessing frailty that incorporates an upper-extremity 

function (UEF) and corresponding heart rate (HR) response to physical activity. The UEF test consists of 

repetitive and rapid elbow flexion and extension (111), during which several kinematics features 



 
39 

representing dynapenia are measured using motion sensors (35). Since UEF involves upper-extremity 

motion, it is feasible to perform for bedbound patients and where walking tests are difficult for frail older 

adults. In our recent research we showed that HR dynamics, measured by changes in HR due to the UEF 

physical function (i.e., HR dynamics), were significantly associated with frailty (112). Combining UEF motor 

and cardiac functions, we were able to identify frailty with higher accuracy compared to models including 

each of the motor or HR dynamics parameters separately (113). Nevertheless, it is unclear whether frailty 

can influence the interconnection between motor and HR dynamics, and whether applying 

interconnection measures improve frailty identification.   

 

The goal of the current study was to determine the effect of frailty on the interconnection between motor 

and cardiac systems. Build upon our previous research, the main hypothesis was that due to frailty, a 

weaker interconnection would exist between motor and HR performance. Recently, the concept of 

interconnection assessment within different physiological systems has gained attention (114–119). 

Granger causality is a classical approach that identifies causality between variables based on the removal 

of one to determine the predictability of the other variable (120), but its usage is limited to linear systems 

that have stationary behaviors, or for those in which variables are strongly coupled (121). In contrast, 

convergent cross-mapping (CCM) assesses the non-linear directional interactions of variables in a complex 

dynamic system, based on state-space reconstruction of time series collected from each system (122). The 

secondary hypothesis was that the accuracy of frailty identification would be improved using additional 

CCM interconnection parameters compared to models incorporating each of motor and HR parameters 

individually.  

 

3.2. Methods 

 

3.2.1. Participants 

 
Older adult participants (65 years) were recruited between October 2016 and March 2018. Participants 

were recruited from primary, secondary, and tertiary health care settings such as primary and community 

care providers, assisted living facilities, retirement homes, and aging service organizations. The inclusion 

criteria were 1) being 65 years or older; 2) the ability to walk a minimum distance of 4.57 m (15 ft) for 
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frailty assessment; and 3) the ability to read and sign an informed consent. The exclusion criteria were: 1) 

severe motor disorders (Parkinson’s disease, multiple sclerosis, or recent stroke); 2) severe upper-

extremity disorders (e.g., elbow bilateral fractures or rheumatoid arthritis); 3) cognitive impairment 

identified by a Mini Mental State Examination (MMSE) score ≤ 23 (123); 4) terminal illness; 5) 

diseases/treatments that can bias the HR measurements (including arrhythmia and use of pacemaker); 

and 6) usage of β-blockers or similar medications that can influence HR. Written informed consent was 

obtained from all participants. The study was approved by the University of Arizona Institutional Review 

Board. All research was performed in accordance with the relevant guidelines and regulations, according 

to the principles expressed in the Declaration of Helsinki (124). 

3.2.2. Frailty assessment and clinical measures 

 
The frailty assessment was executed using the five-component Fried phenotype as the gold standard (35). 

The Fried phenotype considers five criteria: 1) unintentional weight loss of 4.54 kg (10 pounds) or more in 

the previous year; 2) grip strength weakness (adjusted with body mass index (BMI) and sex); 3) slowness 

based on the required time to walk 4.57 m (15 ft) (adjusted with height and sex); 4) self-reported 

exhaustion based on a short two-question version of Center for Epidemiological Studies Depression (CES-

D); and 5) self-reported low energy expenditure based on a short version of Minnesota Leisure Time 

Activity Questionnaire (125). Participants were categorized into three frailty groups, which were non-frail 

if they met none of the criteria, pre-frail if they met one or two criteria, and frail if they met three or more 

criteria.  Clinical measures collected included: 1) MMSE and Montreal Cognitive Assessment (MoCA) for 

cognition (123,126); 2) comorbidity based on Charlson Comorbidity Score (CCI) (127); and 3) depression 

using Patient Health Questionnaire (PHQ-9) (128). These measures were considered as adjusting variables 

in the statistical analysis because they could potentially influence physical activity and the cardiovascular 

system performance. 

 

3.2.3. UEF test 

 
After frailty assessment and clinical measures, participants were asked to sit on a chair and rest for two 

minutes to regain normal resting status. Participants then performed the UEF task of elbow flexion-
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extension as quickly as possible for 20 seconds with the right arm. After the UEF task, participants rested 

on the chair for another two minutes. We have shown that UEF results are similar on both left and right 

hands (129). Before the test, participants practiced the UEF test with their non-dominant arm to become 

familiar with the protocol. The protocol was explained to participants and using exact same verbal 

instruction they were encouraged only once, before elbow flexion, to do the task as fast as possible. 

Wearable motion sensors (triaxial gyroscope sensors, BioSensics LLC, Cambridge, MA, sampling 

frequency=100 Hz; Figure 1A) were used to measure forearm and upper arm motion, and ultimately the 

elbow angular velocity. Angular velocity data from gyroscopes were filtered using first-order high pass 

butter-worth filter with a cutoff of 2.5 Hz. Maximums and minimums of the angular velocity signal were 

detected, and subsequently, elbow flexion cycles were identified. Motor performance was assessed to 

represent: 1) slowness based on speed of elbow flexion; 2) flexibility based on range of motion, 3) 

weakness based on strength of upper-extremity muscles; 4) speed variability and motor accuracy; 5) 

fatigue based on reduction in speed during the 20-second task, and 6) number of flexion cycles. A sub-

score was assigned for each of those features, determined previously based on multivariable ordinal 

logistic models, with the Fried frailty categories as the dependent variable and UEF parameters plus 

demographic information as independent variables (112). The normalized UEF motor score from zero 

(resiliency) to one (extreme frailty) was computed as the sum of sub-scores corresponding to performance 

results and demographic information (i.e., BMI) (111). More details about UEF validation, repeatability, 

and the normalized score are explained in previous research (111,129,130).  

 

HR was recorded using a wearable ECG device with two electrodes and one built-in accelerometer (360° 

eMotion Faros, Mega Electronics, Kuopio, Finland; ECG sampling frequency=1000 Hz and accelerometer 

sampling frequency=100 Hz; Figure 1A). One ECG electrode was placed on the upper mid-thorax and the 

other one inferior to the left rib cage. The placement of the electrodes on the left chest would minimize 

the movement artifacts due to UEF test with the right arm. ECG data was analyzed for 20 seconds of 

baseline, 20-second UEF, and 30 seconds of recovery. RR intervals (successive R peaks of the QRS signal) 

were computed using the Pan-Tompkins algorithm (131). The automated peak detection process was 

manually inspected by two researchers (PA and NT). Previously two types of HR parameters were 

extracted, one representing baseline HR and HR variability (HRV), and one representing HR dynamics 

(changes in HR during UEF and HR recovery after the task) (44). Briefly, HR dynamics included time to reach 
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maximum and minimum HR, as well as percent increase and decrease in HR during activity and recovery 

periods, respectively. In addition to previously developed parameters, in the current study, the 

interconnection between motor and HR data were assessed using CCM.     

 

3.2.4. CCM analysis 

 
We quantitatively assessed the directional nonlinear interactions between HR and motor data using CCM. 

An overview of the method is summarized in Figure 3.1. CCM tests whether a historical trace of HR can 

predict motor performance (or inversely, whether a historical trace motor performance can predict HR). 

To calculate the CCM, we first created evenly sampled data of synchronized HR and motor function with a 

sampling frequency of 10Hz, using spline interpolation (Figure 3.1B). Each HR data point represents 

average HR values over 0.1 seconds. Corresponding motor data represent the angular displacement 

travelled during each 0.1 second of UEF. For calculating motor performance, motor function 𝑀𝑓 was 

defined by: 

 

𝑀𝑓𝑖
= ∫ 𝜔𝑒𝑑𝑡

𝑡𝑖+0.1

𝑡𝑖

,                    (3.1) 

 

where 𝜔𝑒 represents the angular velocity of the elbow. 

 

Taken’s embedding theorem generally guarantees that the space state of a dynamic system could be 

represented from a single-observed time series 𝑋 as an 𝐸-dimensional manifold (132). The shadow or 

reconstructed manifold, denoted by 𝑀𝑋, consists of an 𝐸 -dimensional data with lagged coordinates (𝜏) of 

the variable:  

 

𝑀𝑋 = 〈𝑋(𝑡), 𝑋(𝑡 − 𝜏), 𝑋(𝑡 − 2𝜏) … 𝑋(𝑡 − (𝐸 − 1)𝜏)〉.                (3.2) 
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Figure 3.1: Overview of the CCM method to assess interconnection between motor and HR data: A) 

Wearable devices (gyroscopes) to obtain angular velocity and ECG during the UEF physical task; B) Motor 

performance and HR extraction; C) CCM shadow attractor manifolds on time-lagged coordinate systems; 

D) Prediction of HR from motor function and vice-versa in a time point (dark red and dark blue dots, 

respectively) using a distance-based weighted average of neighbors (bright red and bright blue dots); E) 

Comparison between predicted motor (or HR) data and ground truth; and F) Convergence curves of 

Pearson correlation coefficient between predicted and ground truth as a function of library length (data 

points used for developing manifolds). 

 

 

Subsequently, we reconstructed 𝐸-dimensional manifolds from each of these two time series (132) (Figure 

3.1C). Dimension (𝐸) of four was selected based on the average false nearest neighbor approach (133). A 

time lag (𝜏) of 1 second was used for analysis based on the delayed mutual information method (134). We 
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predicted one time series (e.g., motor function) by historical records of the other signal (e.g., shadow 

manifold of HR) using a k-nearest neighbor technique. For a dimension 𝐸, we determined 𝐸 + 1 nearest 

neighbors and identified indices of each data points in manifolds (𝑀𝑋). Using these indices for one 

manifold (e.g., motor data 𝑋(𝑡)), we found corresponding neighbors in the second manifold (e.g., HR data 

𝑌(𝑡)) (Figure 3.1D), and then predicted 𝑋(𝑡) to 𝑌̂(𝑡) as the weighted mean of 𝐸 + 1 points in the second 

manifold (135):  

 

𝑌̂(𝑡) = ∑ 𝑤𝑖𝑌(𝑡𝑖),
𝐸+1

𝑖=1
                               (3.3) 

where 𝑤𝑖 weights are calculated based on the Euclidean distances between 𝑀𝑌 and its 𝑖𝑡ℎ nearest 

neighbor on 𝑋(𝑡). 

 

The Pearson correlation coefficient and the normalized root-mean-square-error (NRMSE) between the 

predicted and original time series were calculated to assess the strength of interconnections (Figure 3.1E). 

NRMSE was calculated by normalizing the RMSE between the predicted and the ground truth with respect 

to the standard deviation of observations. As documented in previous studies, the correlation coefficient 

is expected to increase with increasing the time-series length (i.e., library length, Figure 3.1F). For the 

current study, the correlation and NRMSE values were calculated at the maximum library length (Figure 

3.1F). 

 

3.2.5. Statistical analysis  

 
Analysis of variance (ANOVA) models were used to evaluate the differences in demographic information 

between the frailty groups, except for sex. Instead, the chi-square (χ2) test was used to assess the 

difference in sex categories among frailty groups. CCM parameters were compared between frailty groups 

using multivariable ANOVA models; age, sex, and BMI were considered as adjusting variables since they 

have been previously associated with motor and cardiac performance and frailty (111,136–138). Cohen’s 

effect size (d) was estimated. ANOVA analyses for comparing CCM parameters across frailty groups were 

repeated with clinical measures with significant association with frailty as covariates. To assess the 

additional value of interconnection measures compared to previous models with individual motor and HR 
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parameters, logistic regression models were implemented with frailty as the dependent variable and HR, 

motor, and CCM parameters as independent parameters. A stepwise parameter selection based on Akaike 

information criterion (AIC) values was implemented to identify independent predictive variables. The area 

under the curve (AUC) with 95% confidence interval (CI) was calculated using receiver operator 

characteristics (ROC) curves for each predicting model. Statistical analyses were done using JMP (Version 

16, SAS Institute Inc., Cary, NC, USA), and statistical significance was concluded when p<0.05. 

3.3. Results 

3.3.1. Participants and clinical measures 

 
Fifty-six participants were recruited for the study, including 12 non-frail (age=76.92±7.32 years), 40 pre-

frail (age=80.53±8.12 years), and four frail individuals (age=88.25±4.43 years). Of note, due to the small 

number of frail participants (n=4), frail and pre-frail groups were merged for the statistical analysis. A 

summary of demographics is presented in Table 3.1. There was no significant difference in demographic 

parameter between the frailty groups (p>0.10). Among clinical measures, CCI comorbidity and PHQ-9 

depression scores were significantly different between frailty groups (p<0.03, Table 3.1). 

3.3.2. CCM analysis 

 
Significant effects of frailty on CCM correlation values were observed for interconnections in both 

directions, i.e., predicting HR time series based on motor function (motor to HR) and predicting motor 

function based on HR (HR to motor) as reported in Table 3.2, Figure 3.2 and 3.3. Pre-frail/frail older adults 

showed smaller correlations in CCM for both directions, compared to non-frail older adults. There was also 

a significant effect of frailty on NRMSE values (p<0.05); for both motor and HR CCM predictions, NRMSE 

values were significantly smaller among non-frail compared to pre-frail/frail (p<0.05).   
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Table 3.1. Demographic information and clinical measures of participants. 

Variables 
Non-frail 

(n=12) 
Pre-frail/Frail (n=44) 

p-value 

(effect size) 

Female, n (% of the group) 7 (42%) 34 (77%) 0.20 

Age, year (SD) 76.92 (7.32) 81.23 (8.14) 0.10 (0.54) 

Height, cm (SD) 164.36 (9.13) 164.23 (10.27) 0.97 (0.01) 

Weight, kg (SD) 66.58 (14.69) 75.53 (19.56) 0.15 (0.48) 

Body mass index, kg/m2 (SD) 24.67 (5.55) 27.74 (5.71) 0.10 (0.54) 

MMSE score, 0-30 (SD) 29.67 (0.65) 29.14 (1.34) 0.19 (0.53) 

MoCA score, 0-30 (SD) 26.25 (3.08) 24.88 (2.80) 0.15 (0.48) 

CCI score, 0-29 (SD) 1.42 (1.78) 3.86 (2.89) <0.01* (0.91) 

PHQ-9 score, 0-30 (SD) 0.42 (0.51) 2.35 (2.89) 0.03* (0.75) 

Fried criteria, n (% of the group) 

Weight loss 0 1 (2%)  

Weakness 0 18 (41%)  

Slowness 0 34 (77%)  

Exhaustion 0 7 (16%)  

Low energy 0 8 (18%)  

 

 

Figure 3.2. CCM parameters and NRMSE across frailty groups. A significant between group difference is 

identified by the asterisk (p<0.05). 
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Within the stepwise regression analysis, UEF score, HR percent increase, and CCM Motor-to-HR 

parameters were selected as independent predictors of frailty categories (non-frail vs. pre-frail/frail). Using 

these three parameters, pre-frailty/frailty was predicted with an AUC, sensitivity, and specificity of 0.91, 

0.89, and 0.83 (Table 3.3, Figure 3.4), which had a 7% higher AUC than models that included only individual 

motor or HR parameters as predictors.   

 

 

Figure 3.3. Convergence curves distribution for CCM predictions. Solid lines represent the average across 

each group at each library length and shaded regions show the standard error. 

 

Figure 3.4. The area under the receiver operator characteristics (ROC) curve for the UEF score, the previous 

multimodal test (HR + UEF score), and the current model incorporating the CCM parameter. 
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Table 3.2. Differences in UEF, HRV, and CCM features across frailty groups. A significant association is 

represented by the asterisk. 

Parameters 
Non-frail 

(n=12) 

Pre-frail/Frail 

(n=44) 

P-value 

(Effect size) 

UEF motor score 

UEF motor score, 0-1 (SD) 0.32 (0.18) 0.53 (0.23) 0.01* (0.90) 

HR dynamics parameters 

HR mean, bpm (SD) 71.52 (11.38) 77.59 (15.97) 0.23 (0.43) 

Time to peak HR, seconds (SD) 16.84 (6.46) 16.12 (5.62) 0.43 (0.28) 

HR recovery time, seconds (SD) 13.71 (6.22) 14.04 (5.76) 1.00 (0.001) 

HR percent increase, % (SD) 19.28 (7.55) 10.29 (4.79) <0.01*(1.49) 

HR percent decrease, % (SD) 15.24 (7.65) 8.13 (3.97) <0.01*(1.25) 

CCM parameters 

Correlation Motor→HR (SD) 0.81 (0.10) 0.69 (0.21) 0.03*(0.77) 

Correlation HR→Motor (SD) 0.72 (0.19) 0.53 (0.26) 0.01*(0.89) 

NRMSE HR, % (SD) 57.28 (14.47) 66.10 (13.26) 0.02*(0.86) 

NRMSE Motor, % (SD) 65.82 (21.67) 81.68 (19.00) 0.04*(0.73) 

UEF: upper extremity function; SD: standard deviation; HR: heart rate; bpm: beats per minute; CCM: 

convergent cross-mapping; NRMSE: normalized root mean square error. 

3.4. Discussion 

 

3.4.1. Effect of frailty on system interconnections 

 
As hypothesized, a significantly weaker interconnection between motor and cardiac systems was observed 

among pre-frail and frail older adults compared to non-frail individuals (Table 3.2 and Figure 3.2). Indeed, 

these results are consistent with expected changes due to aging-related physiological dysregulation. 

Autonomic nervous system (ANS) regulates heart activity during exercise by signals from the central 

nervous system (139) and feedback mechanisms from the exercise pressor reflex (group III and IV muscle 

afferents) (140) and the arterial baroreflex, which controls blood pressure and consequently cardiac 
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output (141). Previous studies have shown that exercise pressor reflex is impacted by aging (142–145), 

which would potentially alter the interconnection between the motor and cardiac systems. Nevertheless, 

the effect is still controversial and further research is needed to fully understand this interconnection 

pathway. One potential explanation is that frailty leads to an altered control of motor to cardiac system by 

affecting exercise pressor reflex. Nevertheless, this hypothesis should be investigated in future research.  

In addition to exercise pressor reflex, the observed weaker CCM values among pre-frail and frail older 

adults may be explained by the general concepts of homeostatic physiological dysregulation and 

heightened inflammatory state (106,146). In this regard, aging and more specifically frailty can be caused 

by breakdowns of key regulatory processes and excessive increase of immune factors, leading to the loss 

of homeostasis and functional impairment (102,104–106,108). Different methods have been used 

previously to identify physiological dysregulation, such as Mahalanobis multivariate statistical distance and 

principal component analysis.  Mahalanobis multivariate statistical distance is a multivariate model built 

to assess dysregulation within relevant blood-based biomarkers for frailty, such as red blood cell count, IL-

6, CRP, calcium, and hemoglobin (147). This method showed that the increase in the multivariate distance 

is accelerated with age, which represents the loss of integration of the system physiology. Similarly, the 

principal component analysis approach considered the variability of blood-based biomarkers, and 

consequently was showed to be an independent frailty predictor (148). Both methods included 

information from multiple systems to assess frailty, analogously to how CCM parameters were computed 

from HR and motor time-series, and how they were associated with physiological dysregulation and frailty 

status. 

 

 

 

 

 

 

 

 



 
50 

Table 3.3. Logistic models for predicting frailty using UEF motor score, HR dynamics, and CCM parameters. 

A significant association is represented by the asterisk. 

Independent variable Parameter 

estimate 

Standard 

error 
Chi-square (𝝌𝟐) p-value (95% CI) 

Model 1 – UEF motor score (AUC=0.78; AICc=53.94; Sensitivity=0.75; Specificity=0.75) 

Intercept 0.61 0.73 0.70 0.4 (-0.81:2.12) 

UEF motor score -0.05 0.02 6.85 <0.01 (-0.08:-0.01)* 

Model 2 – HR dynamics (AUC=0.84; AICc=44.25; Sensitivity=0.80; Specificity=0.75) 

Intercept -4.91 1.27 14.97 <0.001(-7.92:-2.81)* 

HR percent increase 0.25 0.08 10.38 <0.001 (0.12:0.44)* 

Model 3 – CCM (AUC=0.74; AICc=55.60; Sensitivity=0.75; Specificity=0.25) 

Intercept 4.21 1.52 7.72 <0.01 (1.77:7.86)* 

CCM HR→M -4.53 2.11 4.59 0.03 (-9.45:-0.98)* 

Model 4 – Combined UEF & HR dynamics (AUC=0.87; AICc=76.67; Sensitivity=0.82; Specificity=0.83) 

Intercept -3.21 1.55 4.28 0.04 (-6.68:-0.45)* 

HR percent increase 0.23 0.08 7.73 <0.01 (0.09:0.42)* 

UEF motor score -0.03 0.02 2.67 0.10 (-0.07:0.01) 

Model 5 – Combined UEF, HR dynamics & CCM (AUC=0.91; AICc=42.80; Sensitivity=0.89; Specificity=0.83)  

Intercept 6.26 2.83 4.88 0.03 (1.69:13.14)* 

HR percent increase 0.22 0.08 7.38 <0.01 (-0.42:-0.08)* 

UEF motor score -0.03 0.02 2.69 0.10 (-0.00:0.08) 

CCM HR→M 4.54 2.90 2.45 0.12 (-11.27:0.51) 

HR heart rate; UEF upper-extremity function; CCM convergent cross-mapping; AUC area under curve; CI 

confidence interval; AICc Akaike’s information criterion with correction for small sample size. 
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3.4.2. Frailty identification using multimodal models 

 
Current findings confirmed that assessing two physiological systems of motor and cardiac autonomic 

control, and especially the dynamic interaction between them, can improve frailty identification compared 

to models that focus on individual physiological systems in isolation. These two physiological systems were 

selected in this study as they are strongly associated with frailty. Muscle loss and weakness (sarcopenia 

and dynapenia) are the main symptoms of frailty, caused by inflammatory, metabolic, and hormonal 

derangements (101–109). Motor deficits and muscle weakness are commonly assessed using walking 

speed or grip strength tests (Fried phenotype) or counting deficits/disorders (Rockwood deficit index) 

(38,149). Nevertheless, performing walking tests in the clinical setting is cumbersome, and many frail older 

adults have walking disabilities. Grip strength, on the other hand, only measures muscle strength and 

cannot reveal other aspects of motor deficits. We have previously validated the sensor based UEF motor 

task to accurately detect systematic decrements in motor function associated with frailty, including 

slowness, weakness, inflexibility, fatigue, and motor variability (130,150).  

In addition to the motor system, the implemented method included cardiac autonomic control. Previous 

research showed an association between frailty and an impaired ANS because of alterations in electrical 

conduction and action potential morphology (151,152). The presence of a compromised neurohormonal 

homeostasis associated with ANS dysfunction is, in turn, associated with health complications (153,154). 

HRV (i.e., variability in RR intervals within QRS-waves) during resting have been used for assessing ANS 

dysfunction, and has been proposed as a “vital sign” (40,155,156). However, between-subject and diurnal 

variability exists in resting HRV (e.g., due to breathing regulation and environmental factors (41–43)). Here, 

a novel measure of HR dynamics (HR response to physical activity) was introduced as a direct measure of 

sympathetic (during activity) and parasympathetic (during recovery) performance. The advantages of HR 

dynamics over HRV are twofold: 1) by normalizing the HR response to the resting condition, we will reduce 

between-subject and diurnal variability (112); and 2) we directly assess ANS performance and cardiac 

physiological reserve in response to a controlled stressor (physical task), to establish a stress-response 

model that can be further used for assessing interconnection measures. 

As the last component, within the current study, we investigated the interconnection between 

physiological systems in response to stress caused by the physical task. The concept of stress-response 
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testing for quantifying frailty has become the subject of recent research. Evidence suggests that 

differences in physiological reserve between non-frails and frails are subtle under the basal condition 

(157). Implementing provocative testing accentuates frailty-related alterations in measurable dynamics of 

physiological systems in response to stimuli. The provocative UEF test is designed to be hard enough to 

stress motor and cardiac systems, and not too demanding, so they can be incorporated in a routine clinical 

setting for frail older adults, especially those with walking disabilities. Simultaneous assessment of motor 

and heart function in this manner allows us to accurately quantify the dysregulation of interconnection 

between these systems. Further, the motion artifacts are minimum with the proposed testing, with HR 

measurement acquiring from the left side while the participant perform the physical task on the right side.  

 

3.4.3. Limitations and further work 
 

Despite the promising findings of the current study, there are some limitations related to the recruited 

sample. First, the sample of community dwelling older adult selected for this study was small. Second, 

there was a limited number of frail participants, and therefore, pre-frail and frail groups were merged. 

Third, participants with arrhythmia and those who require β-blockers and pacemakers were excluded from 

the study. Also, test-retest reliability of CCM parameters were not investigated here. Therefore, the 

interconnection analysis should be confirmed in larger studies incorporating test-retest reliability 

measures. Additionally, we used time-series library lengths that may not provide accurate results for some 

participants, since some HR data may have a higher level of short-term complexity, leading to less dense 

attractor shadow manifolds and consequently a non-completely developed convergence of CCM 

parameters. Possible solutions would be to perform longer arm tests; however, this will lead to more 

physical demand on frail older adults. 

 

3.4.4. Conclusions and clinical implications  
 

In the present work a novel quantification of interconnection between motor and cardiac autonomic 

systems was implemented for frailty assessment. We demonstrated that CCM parameters showed weaker 

interconnection between motor and cardiac systems among pre-frail/frail older adults compared to non-

frails. The new CCM parameters also showed promising results in improving frailty prediction within 
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logistic models. The simplicity of the investigated UEF test permits performing it even for hospitalized bed-

bound patients, for predicting therapy complications, in-hospital outcomes, and rehabilitation strategies. 

We expect to present this multimodal test as an alternative to accurate but impractical frailty assessment 

tools such the Fried phenotype, when patients are not able to walk. Further, commercialized wearable 

devices are now allow accurate assessment of HR and motion. Showing the proof of concept in the current 

study, in our future investigation, we will develop an easy-to-use app for Smart Watch for identifying frailty 

using simultaneous measures of motor and cardiac functions.  
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4. FRAILTY ASSESSMENT IN AORTIC STENOSIS BASED ON DYNAMIC 

INTERCONNECTION BETWEEN CARDIAC AND MOTOR SYSTEMS 
 

4.1. Introduction 

 
Frailty is a geriatric syndrome associated with loss of physiological reservoir and, in consequence, 

augmented risk of hospitalization, negative therapy outcomes, disability and mortality (35).  Muscle loss 

and weakness (sarcopenia and dynapenia) are the main symptoms of frailty (101), caused by inflammatory 

(elevated interleukin 6 (IL-6), C-reactive protein (CRP), and tumor necrosis factor alpha (TNFα)), metabolic 

(deficiencies of various mitochondrial subunits), and hormonal derangements (cortisol and testosterone) 

that shift homeostasis from an anabolic to a catabolic state (102–108). Notably, similar muscle dysfunction 

has been observed in cardiac frailty with the same inflammatory, metabolic, and hormonal contributors, 

further exacerbated by lack of cardiovascular reserve and a compromised autonomic nervous system 

(158–163). All these factors can move frail individuals with heart diseases to a more imbalance (less 

homeostatic) and already stressed state, causing an inability to respond to additional stress, such as 

therapy burden. Consequently, assessing frailty would be useful for cardiologists as an associated risk 

score, improving selection of candidates for invasive therapies, by identifying individuals with progressed 

frailty that may develop therapy complications, as well as those that can reverse their frailty.  

 

Heart diseases are frequent and mortal with nearly 523 million cases worldwide (50). Remarkably, aortic 

stenosis (AS) is the most common acquired valvar disease, shows a high frailty prevalence of 9.4 million 

patients in 2019, and more than 1% in older adults beyond 75 years old (50). Although much progress has 

been made in treatment of patients with AS, morbidity, mortality, and the economic burden remain 

unacceptably high (51–53). For instance, average aggregate 6-month inpatient costs are above $60,000 

and mortality is as high as 50% for severe AS, with a predicted doubling AS cases in the next 50 years (164). 

Like other types of heart disease, AS is a disease of aging and associated with risk for frailty, and is 

becoming more frequent as the population average age increases (54–57). Frailty assessment is, however, 

not common in cardiology, especially for AS patients, because current assessment tools are impractical to 

implement in busy clinical environments (58). While frailty assessments such as Fried frailty phenotype or 
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Rockwood deficit index show promising results in predicting AS therapy outcomes, they are arduous, fully 

or partially subjective, require trained clinical staff to perform, or require walking for physical assessment 

(59,60). More importantly, no disease-specific tool is available to identify heart disease-related frailty that 

can be implemented for AS patients. 

 

We have previously developed a methodology for assessing frailty that incorporates an upper-extremity 

function (UEF), the corresponding heart rate (HR) response, and the cardiac-motor interconnection (165). 

The UEF test consists of repetitive and rapid elbow flexion and extension (111), during which several 

kinematics features representing dynapenia are measured using motion sensors (35). Since UEF involves 

upper-extremity motion, it is feasible to perform for bedbound patients and when walking tests are 

difficult for frail older adults. In addition, we showed that HR dynamics, direct measure of sympathetic (HR 

behavior during activity) and parasympathetic (HR behavior during recovery) health, were significantly 

associated with frailty (112). Finally, we validated the cardiac-motor interconnection parameters, 

generated using convergent cross-mapping between motor function and HR dynamics, as independent 

predictors for frailty (165). Combining UEF motor, cardiac functions, and their interconnection, we were 

able to establish a multimodal frailty assessment tool with higher accuracy compared to models including 

each of the motor or HR dynamics parameters separately (113). 

 

The goal of the current study was to first investigate frailty symptoms in AS patients (motor and cardiac 

performance) in comparison with non-AS older adults, and second, determine outcome predictive of 

frailty status regardless of heart disease condition. Our first hypothesis was that both frailty and AS 

condition would influence motor and HR dynamics parameters in similar ways. Based on our previous 

research, our second hypothesis was that due to frailty, a weaker interconnection would exist between 

motor and HR performance that independent of AS condition would be associated with frailty status. 

Current findings will pave the way to develop a heart disease-specific tool for identifying frailty.  
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4.2. Methods 

 

4.2.1. Participants 

 
Two groups of older adult participants were recruited. Non-aortic stenosis (NAS) older adults (55 years) 

were enrolled between October 2016 and March 2018 from primary, secondary, and tertiary health care 

settings such as primary and community care providers, assisted living facilities, retirement homes, and 

aging service organizations. Also, advanced AS-diagnosed older adults (55 years) were recruited from the 

Banner University Cardiovascular program – Advanced Heart Failure and TAVR clinics between September 

2021 and October 2022.  

The inclusion criteria for the NAS group were: 1) being 55 years or older; 2) the ability to walk a minimum 

distance of 4.57 m (15 ft) for frailty assessment; and 3) the ability to read and sign an informed consent. 

For the AS group, an additional inclusion criterion was being diagnosed for aortic stenosis. The exclusion 

criteria for both groups were: 1) severe motor disorders (Parkinson’s disease, multiple sclerosis, or recent 

stroke); 2) severe upper-extremity disorders (e.g., bilateral elbow fractures or rheumatoid arthritis); 3) 

cognitive impairment identified by a Mini Mental State Examination (MMSE) score ≤ 23 (123); 4) terminal 

illness; 5) diseases/treatments that could bias the HR measurements (including arrhythmia and use of 

pacemaker); and 6) usage of β-blockers or similar medications that can influence HR. Written informed 

consent was obtained from all participants. The study was approved by the University of Arizona 

Institutional Review Board. All research was performed in accordance with the relevant guidelines and 

regulations, according to the principles expressed in the Declaration of Helsinki (124).  

4.2.2. Frailty assessment and clinical measures 

 
Frailty assessment was executed using the five-component Fried phenotype (35), which involves the 

following five criteria: 1) unintentional weight loss of 4.54 kg (10 pounds) or more in the previous year; 2) 

grip strength weakness (adjusted with body mass index (BMI) and sex); 3) slowness based on the required 

time to walk 4.57 m (15 ft) (adjusted with height and sex); 4) self-reported exhaustion based on a short 

two-question version of Center for Epidemiological Studies Depression (CES-D); and 5) self-reported low 

energy expenditure based on a short version of Minnesota Leisure Time Activity Questionnaire (125). 
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Participants were categorized into three frailty groups, which were non-frail if they met none of the 

criteria, pre-frail if they met one or two criteria, and frail if they met three or more criteria.  Collected 

clinical measures included: 1) MMSE and Montreal Cognitive Assessment (MoCA) for cognition (123,126); 

2) comorbidity based on Charlson Comorbidity Score (CCI) (127); 3) depression using Patient Health 

Questionnaire (PHQ-9) (128); and for AS patients 4) The Kansas City Cardiomyopathy Questionnaire (KCCQ) 

to measure the quality of life (QoL) (166). Clinical measures with significant association with frailty were 

considered for both groups as adjusting variables in the statistical analysis because they could potentially 

influence physical activity and the cardiovascular system performance. 

 

4.2.3. Upper extremity function (UEF) motor test 

 
After completing questionnaires, participants were asked to sit on a chair and rest for two minutes to 

regain normal resting status. Participants then performed the UEF task of elbow flexion-extension as 

quickly as possible for 20 seconds with the right arm. In a separate study, we showed that UEF results are 

similar on both left and right hands (129). After the UEF task, participants rested on the chair for another 

two minutes. Before the test, participants practiced the UEF test with their non-dominant arm to become 

familiar with the protocol. The protocol was explained to participants and using the exact same verbal 

instruction they were encouraged only once, before elbow flexion, to do the task as fast as possible. 

Wearable motion sensors (triaxial gyroscope sensors, BioSensics LLC, Cambridge, MA, sampling 

frequency=100 Hz; Figure 4.1A) were used to measure forearm and upper arm motion, and ultimately the 

elbow angular velocity. Angular velocity data from gyroscopes were filtered using a first-order high pass 

Butterworth filter with a cutoff of 2.5 Hz. Maximums and minimums of the angular velocity signal were 

detected, and subsequently, elbow flexion cycles were identified. Motor performance was assessed to 

represent: 1) slowness based on speed of elbow flexion; 2) flexibility based on range of motion, 3) 

weakness based on strength of upper-extremity muscles; 4) speed variability and motor accuracy; 5) 

fatigue based on reduction in speed during the 20-second task, and 6) number of flexion cycles. A sub-

score was assigned for each of those features, determined previously based on multivariable ordinal 

logistic models, with the Fried frailty categories as the dependent variable and UEF parameters plus 

demographic information as independent variables (112). The normalized UEF motor score from zero 

(resiliency) to one (extreme frailty) was computed as the sum of sub-scores corresponding to performance 
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results and demographic information (i.e., BMI) (111). More details about UEF validation, repeatability, 

and the normalized score are explained in previous research (111,129,130).  

 

4.2.4. Heart rate (HR) outcomes 

 
HR was recorded using a wearable ECG device with two electrodes and one built-in accelerometer (360° 

eMotion Faros, Mega Electronics, Kuopio, Finland; ECG sampling frequency=1000 Hz and accelerometer 

sampling frequency=100 Hz; Figure 4.1A). One ECG electrode was placed on the upper mid-thorax and the 

other one inferior to the left rib cage. The placement of the electrodes on the left chest would minimize 

the movement artifacts due to UEF test with the right arm. ECG data was analyzed for 20 seconds of 

baseline, 20-second UEF, and 30 seconds of recovery. RR intervals (successive R peaks of the QRS signal) 

were computed using the Pan-Tompkins algorithm (131). The automated peak detection process was 

manually inspected by two researchers (PA and NT). Two types of HR parameters were extracted, one 

representing baseline HR and HR variability (HRV), and one representing HR dynamics (changes in HR 

during UEF and HR recovery after the task) (44,112,167). HR dynamics included time to reach maximum 

peak and recovery HR, as well as percent increase and decrease in HR during activity and recovery periods, 

respectively. In addition, HR distribution per groups were represented using linear interpolation to provide 

equidistant HR time series across samples. 

 

4.2.5. Convergent cross mapping (CCM) analysis 

 
We quantified the directional nonlinear interconnections between HR and motor data using CCM. An 

overview of CCM is summarized in Figure 4.1. This method uses a historical trace of HR for predicting 

motor performance (or inversely, a historical trace of motor performance for predicting HR). Firstly, we 

created evenly sampled data of synchronized HR and motor function with a sampling frequency of 10Hz, 

using spline interpolation (Figure 4.1B). Each HR data point represents average HR values over 0.1 seconds. 

Corresponding motor data represent the angular displacement travelled during each 0.1 second of UEF. 

For calculating motor performance, motor function 𝑀𝑓 was defined by: 
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𝑀𝑓𝑖
= ∫ 𝜔𝑒𝑑𝑡

𝑡𝑖+0.1

𝑡𝑖

,                                                                                                                                                     (1) 

 

where 𝜔𝑒 represents the rectified angular velocity of the elbow. 

 

Takens’s embedding theorem was used here, which guarantees that the information of a chaotic dynamic 

system could be represented from a single-observed time series 𝑋 as an 𝐸-dimensional manifold (132). 

The shadow manifold 𝑀𝑋 consists of an 𝐸 -dimensional data with lagged coordinates (𝜏) of the variable:  

 

𝑀𝑋 = 〈𝑋(𝑡), 𝑋(𝑡 − 𝜏), 𝑋(𝑡 − 2𝜏) … 𝑋(𝑡 − (𝐸 − 1)𝜏)〉.                                                                                       (2) 

 

 

Figure 4.1: Overview of the CCM method to assess interconnection between motor and HR data: A. 

wearable devices (gyroscopes) to obtain angular velocity and ECG during the UEF physical task; B. motor 

performance and HR extraction; C. CCM shadow attractor manifolds on time-lagged coordinate systems; 

D. prediction of HR from motor function and vice-versa in a time point (dark red and dark blue dots, 

respectively) using a distance-based weighted average of neighbors (bright red and bright blue dots); E. 

comparison between predicted HR data and ground truth, also applicable to motor function; and F. 

convergence curves of Pearson correlation coefficient between predicted and ground truth as a function 

of library length (data points used for developing manifolds). 

 

 

We built 𝐸-dimensional manifolds from each of these two time series (132) (Figure 4.1C). Dimension (𝐸) 

of four was selected based on the average false nearest neighbor approach (133). A time lag (𝜏) of one 
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second was used for analysis based on the delayed mutual information method (134). We predicted one 

time series (e.g., HR) by historical records of the other signal (e.g., shadow manifold of motor function) 

using a k-nearest neighbor technique. For a dimension 𝐸, we determined 𝐸 + 1 nearest neighbors and 

identified indices of each data points in manifolds (𝑀𝑋). Using these indices for one manifold (e.g., HR 

𝑋(𝑡)), we found corresponding neighbors in the second manifold (e.g., motor function data 𝑌(𝑡)) (Figure 

4.1D), and then predicted 𝑋(𝑡) to 𝑌̂(𝑡) as the weighted mean of 𝐸 + 1 points in the second manifold 

(135):  

 

𝑌̂(𝑡) = ∑ 𝑤𝑖𝑌(𝑡𝑖),
𝐸+1

𝑖=1
                                                                                                                                               (3) 

where 𝑤𝑖 weights are calculated based on the Euclidean distances between 𝑀𝑌 and its 𝑖𝑡ℎ nearest 

neighbor on 𝑋(𝑡). The Pearson correlation coefficient between the predicted and original time series was 

calculated to assess the strength of interconnections between motor and HR data (Figure 4.1E). As 

documented in previous studies, the correlation coefficient is expected to increase with increasing the 

time-series length (i.e., library length, Figure 4.1F). We selected as the so-called CCM parameters to the 

correlation values at the maximum library length. 

 

4.2.6. Statistical analysis  

 
We used Analysis of variance (ANOVA) models to determine the differences in demographic information 

between frailty groups, except for sex. Instead, the chi-square (χ2) test was used to assess the difference 

in sex categories between frailty groups. UEF, HR dynamics, and CCM parameters were compared between 

frailty groups and NAS/AS conditions using multivariable ANOVA models; age, sex, and BMI were 

considered as adjusting variables since they have been previously associated with motor and cardiac 

performance and frailty (111,136–138). Cohen’s effect size (d) was estimated. ANOVA analyses for 

comparing motor, cardiac, and CCM parameters across frailty groups and NAS/AS conditions were 

repeated with clinical measures with significant association with frailty as covariates. The statistical 

analysis was performed using JMP® Pro 16.1. 
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4.3. Results 

4.3.1. Participants and clinical measures 

 
Fifty-six non-aortic stenosis (NAS) older participants were recruited for the study, including 12 non-frail 

(age=76.92±7.32 years), 40 pre-frail (age=80.53±8.12 years), and four frail individuals (age=88.25±4.43 

years). On the other hand, 30 aortic stenosis (AS) participants were enrolled, including 10 non-frail 

(age=69.00±3.61 years), 17 pre-frail (age=72.71±2.77 years), and 3 frail individuals (age=75.67±6.60 years). 

Of note, due to the small number of frail participants (n=7), frail and pre-frail groups were merged for the 

statistical analysis. A summary of demographics is presented in Table 4.1. There were significant 

differences in age and height between AS and NAS groups, and therefore all statistical analyses were 

adjusted for these two variables. 

 

4.3.2. Effect of frailty 

 
There are no significant differences in frail population between AS and NAS groups. Significant effects of 

frailty on UEF motor score, resting HR baseline, HR percentage increase and decrease, and CCM values 

were observed across the participants, as reported in Table 2 and Figures 4.2.A, 4.2.C, 4.2.E, 4.2.G, 4.2.I 

and 4.3.A. Pre-frail/frail older adults showed higher UEF motor score, higher baseline HR (in rest), lower 

changes in HR due by physical task and smaller correlations in CCM for both directions, compared to non-

frail older adults (p<0.05, Figure 4.4.A). 

 

 

4.3.3. Effect of AS condition 

 
Significant effect of AS condition (AS vs. NAS) on UEF motor score and HR percentage increase and 

decrease were observed (p<0.01, Figures 4.2.B, 4.2.D and 4.2.F), as well as time to peak and HR recovery 

time (p<0.0001, Figures 4.2.L and 4.2.N), as reported in Table 4.2. AS individuals showed worse UEF motor 

score and larger (in percentage) but slower HR changes due to the physical task. In contrast to UEF motor 

score and HR dynamics results, which showed significant differences between both frailty groups and the 
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AS condition, CCM parameters were only significantly different across frailty groups (p=0.04 and <0.01, 

Figure 4.2.G and 4.2.I), and not the AS condition (p>0.62, Figure 4.2.H and 4.2.J, and Table 4.2).  

 

Table 4.1. Demographic information and clinical measures of participants. 

Variables 
Non-frail 

(n=22) 

Pre-frail/Frail 

(n=64) 

p-value 

(effect size) 

Non-aortic 

stenosis 

(n=55) 

Aortic 

stenosis 

(n=31) 

P-value 

(effect size) 

Female, n (% of the group) 12 (54.55) 42 (65.63) - 40 (72.73) 14 (27.27) - 

Age, year (SD) 73.31 (9.17) 78.70 (10.12) 0.06 (0.48) 80.09 (8.02) 
72.42 

(11.63) 
0.001* (0.77) 

Height, cm (SD) 
166.31 

(11.17) 

166.21 

(10.25) 
0.81 (0.06) 164.24 (10.05) 

169.77 

(10.29) 
0.017* (0.55) 

Weight, kg (SD) 72.30 (16.85) 77.02 (20.95) 0.26 (0.28) 73.59 (19.04) 
79.75 

(21.34) 
0.14 (0.34) 

Body mass index, kg/m2 

(SD) 
26.12 (5.63) 27.59 (5.85) 0.29 (0.27) 27.08 (5.82) 27.46 (5.83) 0.68 (0.09) 

CCI score, 0-29 (SD) 4.45 (1.84) 5.80 (2.39) 0.008* (0.68) 5.09 (2.12) 6.10 (2.56) 0.022* (0.53) 

Fried criteria, n (% of the group)                                                                                                                                                                 

Non-frail subjects - - - 12 (22%) 10 (32%) 0.29 ( - ) 

Weight loss 0 3 (5%) - 1 (2%) 2 (6%) - 

Weakness 0 27 (42%) - 17 (31%) 10 (32%) - 

Slowness 0 41 (%) - 34 (62%) 7 (23%) - 

Exhaustion 0 18 (%) - 7 (13%) 11 (35%) - 

Low energy 0 13 (%) - 8 (15%) 5 (16%) - 
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Figure 4.2. UEF score (A. and B.), HR percentage changes (C. to F.), CCM parameters (G. to J.), time to HR 

peak from rest (K. and L.) and time to recover HR baseline (M. and N.) for frailty and aortic stenosis 

categories. Each data point corresponds to an individual. Interaction profiles are incorporated to show the 

cross-effects between different subgroups. A significant between group difference is identified by the 

asterisk (p<0.05). 
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Table 4.2. Differences in UEF, HR dynamics, and CCM features across frailty groups. A significant association 

is represented by the asterisk. 

Parameters 
Non-frail 

(n=22) 

Pre-frail/Frail 

(n=63) 

P-value 

(Effect size) 

Non-aortic 

stenosis  

(n=55) 

Aortic 

stenosis  

(n=30) 

P-value 

(Effect size) 

UEF motor score 

UEF motor score,  

0-100 (SD) 
39.59 (20.20) 55.46 (24.12) 0.01* (0.66) 48.69 (23.43) 56.23 (24.92) <0.01* (0.70) 

HR dynamics parameters 

HR rest mean, bpm (SD) 68.21 (10.46) 76.31 (15.99) 0.01* (0.66) 76.20 (15.34) 70.45 (14.27) 0.24 (0.30) 

Time to peak HR, 

seconds (SD) 
18.43 (7.86) 18.57 (6.85) 0.71 (0.10) 16.12 (5.69) 23.28 (7.19) <0.0001* (1.28) 

Recovery time, seconds 

(SD) 
18.36 (9.71) 18.07 (9.19) 0.53 (0.17) 14.04 (5.83) 26.20 (9.54) <0.0001* (1.73) 

HR percent increase, % 

(SD) 
18.10 (7.47) 11.40 (5.63) 0.0001* (1.10) 11.71 (5.78) 15.59 (7.75) 0.01* (0.62) 

HR percent decrease, % 

(SD) 
-13.85 (6.12) -9.45 (5.17) <0.01* (0.77) -9.26 (4.95) -12.96 (6.35) 0.01* (0.67) 

HR absolute increase, 

bpm (SD) 
12.65 (4.05) 10.42 (8.06) 0.44 (0.21) 11.11 (7.44) 10.70 (7.24) 0.66 (0.11) 

HR absolute decrease, 

bpm (SD) 
-10.64 (4.88) -7.79 (4.34) 0.056 (0.53) -7.67 (4.03) -10.04 (5.31) 0.06 (0.49) 

CCM parameters 

Correlation Motor→HR 

(SD) 
0.81 (0.11) 0.70 (0.20) 0.04* (0.55) 0.71 (0.19) 0.76 (0.18) 0.62 (0.13) 

Correlation HR→Motor 

(SD) 
0.69 (0.19) 0.54 (0.25) <0.01* (0.72) 0.57 (0.26) 0.59 (0.22) 0.72 (0.09) 

UEF: upper extremity function; SD: standard deviation; HR: heart rate; bpm: beats per minute; CCM: 

convergent cross-mapping. 
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Figure 4.3. Heart rate distributions for frailty (A) and aortic stenosis (B) groups. Means and standard error 

are represented by solid lines and shaded regions, respectively. Physical task 20-seconds arm test starting 

and ending points are indicated with vertical lines. Linear interpolation was used to provide equidistant 

HR time series across samples. 

 

4.4. Discussion 

 

4.4.1. Effect of frailty on HR dynamics and motor performance 

 
In confirmation of previous work (44), there were significant associations between frailty level and HR 

changes during physical activity and the consecutive recovery period. During activity there is an increase 

in sympathetic outflow, and consequently an increase in HR and stroke volume to satisfy circulatory 

requirements (168). Afterwards in the recovery period, the parasympathetic activity is enhanced to reduce 

HR to the baseline level (169–171). An impaired ANS performance is represented by an absence of 

resilience in changing HR, and previous studies have shown the effect of frailty on ANS outflow, such as 

the study by Weiss et. Al, which HR was monitored during a seated step test (172), or the one by Romero-

Ortuno et. al, which monitored HR during and after 3 minutes of a lying to standing orthostatic test (173). 

In confirmation of these findings, we observed significant lower HR changes on pre-frail/frail population 

in comparison to non-frail individuals (Figure 4.2.C and 2.E, Table 4.2). Our findings suggest, unlike the 



 
66 

amount of change, the timing of HR changes (i.e., HR rest-to-peak and recovery times) was not associated 

with frailty (p>0.53 and 0.71, respectively, for HR increase and recovery times).  

Motor performance is impacted by frailty through sarcopenia and dynapenia (diminished muscle mass 

and performance), leading to poorer physical activity (35). Dynapenia is typically quantified by walking 

speed or grip strength tests. Nevertheless, performing walking tests in clinical settings is challenging, and 

many frail older adults, especially those with AS may have walking disabilities. Grip strength, on the other 

hand, only measures muscle strength and cannot reveal other aspects of motor deficits, such as flexibility. 

We have previously validated the sensor based UEF motor task to detect with an accuracy of 0.7 (111) 

systematic decrements in motor function associated with frailty, including slowness, weakness, 

inflexibility, fatigue, and motor variability (130,150). Here, we found significant increases in the UEF motor 

score for pre-frail/frail participants compared to non-frails (Figure 4.2.A, Table 4.2), confirming previous 

findings. In addition, we observed that frail participants with additional burden of AS showed even higher 

UEF motor score than AS non-frail or NAS frail subjects, revealing the accentuated deficits in motor 

function due to doubling effects of heart disease and frailty. These findings demonstrate the importance 

of frailty assessment in AS patients who have less physiological reservoirs and an impaired ANS 

performance, and consequently higher risk of poorer outcomes after invasive therapies such as open-chest 

surgeries. 

 

4.4.2. Effect of AS on HR dynamics and motor performance 

 
According to literature, AS impacts cardiac and motor performances. Historically, HR variability (HRV) has 

been used for assessing ANS dysfunction and proposed as a vital sign (174). However, a low correlation 

has been found between several time and frequency-domain HRV parameters and AS severity (175). In 

the current work we have found several HR dynamics parameters that could potentially be used for 

assessing cardiac autonomic dysfunction due to aortic stenosis, such as significantly higher HR changes 

during and post non-demanding physical tasks, together with a significant slower HR response to the 

physical task. A previous study in which HR was monitored before and after one minute of supine bicycle 

exercise showed that  HR increase on AS patients were slightly greater than NAS (176). Here, we observed 

that monitoring HR in real time gives similar trends. Consistent with other reports (177,178), myocardial 
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work, which is a measure of oxygen demand defined by the product between the myocardial wall stress 

and wall stress rate , was also greater in AS than controls, pointing to a relative supply/demand imbalance, 

which would make these patients more vulnerable to myocardial ischemia (176). In our study we found 

that AS subjects had significantly higher changes in HR, during both physical activity and rest than NAS 

participants (Table 4.2, Figure 4.2.D and 4.2.F). We attributed the higher HR change by exercise among AS 

to the ANS response to a higher myocardial oxygen need, a consequence of myocardial hypertrophy AS-

associated (179). This fact is supported by other studies which the rapid rise of HR in AS patients is a 

compensatory mechanism to maintain cardiac output (180). The aforementioned myocardial ischemia risk 

and the impaired perfusion to myocytes usually lead to AS patients gradually decrease their physical 

activity to accommodate their condition (181). This fact is supported by our results since the motor 

performance in AS individuals was significantly worse than NAS participants, showing higher UEF scoring 

(Table 4.2, Figure 4.2.B) and consequently an increased muscular frailty such as weakness, slowness, 

exhaustion, and flexibility (111). Noteworthy, we observed significant differences in HR percentage 

changes, but is not the case for the absolute changes. We attributed this fact to the influence on the 

differences between AS and NAS in HR magnitude distributions observed on Figure 4.3.B, so HR percentage 

changes cover both changes in HR and HR magnitudes, making them significant parameters to the subjects 

AS status. 

4.4.3. CCM parameters for identifying frailty  

 
We previously proved that CCM was an independent predictor for frailty on a community dwelling 

population, finding a significantly weaker interconnection between motor and cardiac systems for pre-frail 

and frail participants compared to non-frails (165). We attributed those results to aging-related 

physiological dysregulation in the motor cortex - reflexes feedback system (139–145), and loss of 

homeostasis and heightened inflammatory state (102,104–106,108,146). In the current study, CCM 

parameters showed significant differences across frailty groups for the combined sample of AS and NAS 

(Figure 4.2.G and 4.2.I, Table 4.2), while similar magnitudes were calculated for NAS vs AS samples for CCM 

M→HR (p=0.62) and CCM HR→M (p=0.72). These results indicate that CCM parameters are mostly not 

affected by the AS condition, as indicated in Figure 4.2.G and Figure 4.2.I. This observation support the 

importance of extracting parameters associated with physiological networks for a proper and accurate 
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frailty assessment, regardless of comorbid condition (45–47). CCM parameters are promising parameters 

in order to develop an accurate tool for AS-related frailty assessment. 

 

4.4.4. Limitations and further work 

 
Despite the promising findings of the current study, there are some limitations related to the recruited 

sample. First, there was a limited number of frail participants, and therefore, pre-frail and frail groups were 

merged. Second, if there are no significant differences in frail population between AS and NAS groups 

(Table 4.1, p=0.29), equally distributed frail subjects on AS and NAS groups should validate our results. 

Third, we found that age and height was significant different between our AS and NAS populations, 

however we adjusted age, sex, and BMI for all our statistical analysis. Nevertheless, current findings should 

be further validated in age matched AS and NAS samples. Fourth, participants with arrhythmia and those 

who require β-blockers and pacemakers were excluded from the study. Also, test-retest reliability of CCM 

parameters were not investigated here. Therefore, the interconnection analysis should be confirmed in 

larger studies incorporating test-retest reliability measures. Additionally, we used time-series library 

lengths that may not provide accurate results for some participants, since some HR data may have a higher 

level of short-term complexity, leading to less dense attractor shadow manifolds and consequently a non-

completely developed convergence of CCM parameters. Possible solutions would be to perform longer 

arm tests; however, this will lead to more physical demand on frail and those with aortic stenosis. 

 

4.4.5. Conclusions and clinical implications  

 
In the present work a novel quantification of interconnection between motor and cardiac autonomic 

systems was implemented for frailty assessment. We demonstrated that CCM parameters showed weaker 

interconnection between motor and cardiac systems among pre-frail/frail older adults compared to non-

frails, regardless of AS condition. The simplicity of the investigated UEF test permits performing it even for 

hospitalized bed-bound patients with heart disease, for predicting therapy complications, in-hospital 

outcomes, and rehabilitation strategies. We expect to develop a heart disease-specific tool for frailty 

assessment using the CCM parameters, contributing to early assessment and better therapy strategies for 



 
69 

AS patients. Further, commercialized wearable devices are now allow accurate assessment of HR and 

motion. Showing the proof of concept in the current study, in our future investigation, we will develop an 

easy-to-use app for Smart Watch for identifying frailty using simultaneous measures of motor and cardiac 

functions.  
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5. CONCLUDING REMARKS 
 

The accelerated development of wearable technology and wearable health monitoring instruments has 

influenced the medical industry with promising devices that offer compactivity, comfort, user-friendliness, 

and accuracy. However, the data acquired by wearable sensors require a translation to medical terms, for 

diagnosis of certain diseases or syndromes. The current work was a an effort to contribute to the a 

“translation”, in which we built a data-driven emulator for feeding machine learning algorithms to improve 

brain injury prediction and characterize head impact kinematics, and an assessment tool based on the 

network physiology principle that states that accurate frailty assessment requires a collection of 

information across multiple physiological systems. Considering the interconnection between the cardiac 

and the motor autonomic systems, we developed a novel approach for frailty assessment that measures 

frailty regardless of comorbidities such as heart diseases. The research presented in this dissertation 

encompasses three major studies, summarized in the subsequent sections. 

 

5.1. Low-rank representation of head impact kinematics: A data-driven emulator 

 
Head impact kinematics are useful metrics for determining brain injury, but there is no large available data 

set for this purpose. We developed an approach for reducing the dimensionality of an initial dataset of 

head impact kinematics in sports using principal component analysis. We showed that our simplification 

was superior to other biphasic impulses, contrasting them in several injury metrics. In general, our 

approximation based on 15 modes was nearly indistinguishable from the ground truth data. Consequently, 

we developed a data-driven emulator capable of emulating head impact data sets with any given number 

of cases without needing access to the ground truth measurements. Noteworthy, we characterized the 

head impact kinematics by observing higher linear accelerations in the anterior-posterior direction, and 

higher angular accelerations in the sagittal direction, attributing this to the type and direction of loading 

in a specific sport (e.g. direction of tackling in football). Furthermore, we observed in the frequency 

domain analysis that there is a dominant low-frequency response from 10 to 40 Hz, expressing over 74% 

of the total angular velocity response for all directions.  These findings ensure their utility for designing 
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better safety devices like helmets, as well as presenting a simplification of head impact kinematics useful 

for generating new kinematic data, which could be provided to train modern machine learning algorithms.  

 

5.2. Associating frailty and dynamic dysregulation between motor and cardiac 

autonomic systems limitations 

 
In this work, we demonstrated that the interconnection between cardiac and motor systems provides 

additional and relevant information for evaluating the frailty status of older adults. We found a significantly 

weaker interconnection in frail adults compared to non-frail individuals. Previously Toosizadeh et al. (44) 

developed a combined motor and cardiac multimodal test for frailty assessment. We tested an improved 

version of frailty assessment tool considering interconnection parameters, which increased the accuracy 

of the model from 0.87 to 0.91 AUC of the ROC curve for the same sample. Thus, the new CCM parameters 

showed promising results in improving frailty prediction and we expect to present this multimodal test as 

an alternative to accurate but impractical frailty assessment tools such as the Fried phenotype when 

patients are not able to walk.  

5.3. Frailty assessment in aortic stenosis based on dynamic interconnection 

between cardiac and motor systems 
 

We investigated the interconnection effects between aortic stenosis and frailty. We confirmed the results 

of previous work where significant associations were observed between frailty level and HR changes, as 

well as motor performance. Importantly, frail participants with the additional burden of AS showed even 

worse motor performance than AS non-frail or NAS frail participants, revealing the accentuated deficits in 

motor function due to the doubling effects of heart disease and frailty. These findings demonstrate the 

importance of frailty assessment in AS patients who have less physiological reservoirs and impaired ANS 

performance, and consequently higher risk of poorer outcomes after invasive therapies such as open-chest 

surgeries.  

We found that AS impacted motor performance and HR. HRV has been used for assessing ANS dysfunction, 

and a low correlation has been found between several HRV parameters and AS. Using HR dynamics we 
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observed significant associations between AS and HR magnitudes and percentile changes, showing the 

potential of using wearable sensors to measure HR dynamics for AS diagnosis, and potentially other heart 

diseases. Motor performance was significantly impacted by AS presumably because myocardial ischemia 

risk and the impaired perfusion to myocytes that usually lead to AS patients gradually decreasing their 

physical activity to accommodate their condition. 

Cardiac-motor interconnection was a parameter we extensively studied in this work. Similarly to the 

findings shown in chapter 3, we found significant differences in the interconnection between frailty 

groups, confirming its predictive power. Nevertheless, we explored the effects of AS on this parameter, 

finding nearly no differences between AS and NAS subjects (p>0.62).  These results indicate that CCM 

parameters are mostly not affected by the AS condition. This observation supports the importance of 

extracting parameters associated with physiological networks for a proper and accurate frailty assessment, 

regardless of comorbid conditions. Overall, CCM parameters are promising parameters to develop an 

accurate tool for heart disease-related frailty assessment.  

5.4. Limitations 
 

There are several limitations in this study, as mentioned in each chapter. For the data-driven emulator and 

characterization of head impacts in sports, certain sports like soccer or cycling would not be represented 

in our emulator, since the location and behavior of the impact usually are inherent to the sport, as well as 

other kinds of impacts like falls, or even TBI cases in which their causes are inertial changes instead of 

impacts. Further work considering ground truth kinematics of real head impacts and/or inertial changes 

would increase the representativity of the emulator. In addition, the core method used in that study, 

principal component analysis (PCA), assumes a linear relationship between features, and for some 

kinematics, we could lose information regarding non-linear interactions. 

The novel proposed assessment tool for frailty, incorporating interconnection, has limitations too. We 

need to validate the assessment tool in an increased sample of older adults, which equally represent frailty 

groups, demographics, and comorbidity indexes.  For both studies of chapters 3 and 4, participants with 

arrhythmia and those who require β-blockers and pacemakers were excluded from the study. Also, the 

test-retest reliability of CCM parameters was not investigated. Therefore, the interconnection analysis 
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should be confirmed in larger and more diverse comorbidity status studies, incorporating test-retest 

reliability measures. An interesting aspect to further study is the effect of other diseases on the 

physiological interconnection, in contrast to how frailty impacts it. Additionally, we used time-series library 

lengths that may not provide accurate results for some participants, since some HR data may have a higher 

level of short-term complexity, leading to less dense attractor shadow manifolds and consequently a non-

completely developed convergence of CCM parameters. Possible solutions would be to perform longer 

arm tests; however, this will lead to more physical demand on frail older adults and those with 

comorbidities such as aortic stenosis. 

5.5. Further directions 

 
The development of the proposed data-driven emulator is a starting point for generating an effective and 

accurate brain injury prediction tool. As was mentioned before, this emulator will provide the required 

amount of kinematics data for training advanced deep learning techniques such as convolutional neural 

networks. Next steps towards an informative and precise brain dynamic behavior during impacts, in 

addition to brain damage quantification, is the development of a brain injury probability atlas which could 

show the regions of the brain most susceptible to injury in sports. In order to reach that objective, we will 

associate brain zones that reach strain thresholds obtained by finite element head models (feed by 

kinematic data), with damage within the brain. Damaged regions are defined from a population mapping 

of microhemorrhage obtained by segmentation of clinical MRI patient scans that have at least one 

traumatic axon injury (TAI) or diffuse axonal injury (DAI). If the association between TBI head impact 

kinematics and subsequent damage within the brain can be accurately captured, then predictive mapping 

could improve clinical diagnosis, prognosis, prevention, and treatment following TBI. 

In the present work we showed that we can accurately assess frailty through a simple, fast, and accurate 

UEF test. Further work will be related to a longitudinal study for validating the multimodal frailty risk score 

and to establish cutoffs for predicting adverse outcomes and reversible frailty in a sample undergoing 

invasive therapy for aortic stenosis, such as ventricular assist device (VAD) or transcatheter aortic valve 

replacement (TAVR). We will define dichotomous clinical therapy outcome (favorable vs unfavorable) from 

the arm test taken before the therapy. An additional objective will be to identify reversible frailty, studying 

the differences in the test before and after the therapy. This following work paves the way for direct clinical 
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implications of the UEF test, helping in reducing the cost of therapy, and the expansion of this test in other 

fields and comorbid conditions. 

 

5.6. Conclusions 

 
While an increase in people suffering from one or more comorbidities is expected (given the increase in 

life expectancy), these persons will have a high motivation to stay in their familiar home environment and 

not in an institutional care facility. The combination of wearable sensor technology and assessment tools  

will open options for healthcare at home. Currently, commercial wearable devices meet the technical 

capabilities of measuring health time series such as kinematics or heart rate. We showed in this work that 

with real-time information, it is possible to detect injuries and to deduce frailty status and even 

morbidities. We are almost getting to the point in which easy-to-use apps for Fitbit or smartwatch devices, 

or maybe other wearables, will allow early diagnosis and consequently increase possibilities of early 

interventions not only in our golden ages but in our entire life.  
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APPENDIX A – SUPLEMENTARY MATERIALS (CHAPTER 2) 
 

 

Figure SM.1: Top: Representative reconstruction of the linear acceleration data for a single head impact. 

Bottom: Individual and cumulative contribution of the temporal modes derived through PCA for angular 

velocity in each anatomical direction, constituting over 90% of the ground truth measurements. 

 

Figure SM.2: The three most relevant temporal modes for linear acceleration for the entire dataset. 
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Figure SM.3: Top: Representative reconstruction of the angular acceleration data for a single head 

impact. Bottom: Individual and cumulative contribution of the temporal modes derived through PCA for 

angular velocity in each anatomical direction, constituting over 90% of the ground truth measurements. 

 

Figure SM.4: The three most relevant temporal modes for linear acceleration for the entire dataset. 
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Table SM.1: p- values for the significant differences with respect the ground truth for all the studied 

injury metrics. 

 

 

Figure SM.5: Peak distribution comparison between augmented data (two tests) and ground truth data. 
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Figure SM.6: Peak duration distribution comparison between augmented data (two tests) and ground 

truth data. 
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Figure SM.7: Statistical parameters per time point for ground truth and an augmented dataset. 
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Figure SM.8: Convergence analysis for required number of modes to satisfy Equation 2.1 for random 

subsets of different size, showing convergence to the values obtained with the entire dataset (537). 
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