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Abstract 
 

 

Frailty is a dynamic and multidimensional condition, with physical, psychological, and social 

factors playing a part in its development. The interaction between these domains is marked by 

considerable complexity. This thesis aimed to explore this complexity from other perspectives 

and broaden the debate on frailty towards 1) neglected patients, who may exhibit vulnerabilities 

not only because of aging; 2) neglected features, and 3) new ways to address them. This aim is 

addressed through the following individual studies: 

Study I and Study II focus on young patients admitted to the emergency department with acute 

alcoholic intoxication (neglected patients), assessing their long-term mortality, evaluating 

among potential deaths predictors minor trauma and social vulnerability (neglected features), 

and developing a multivariable logistic regression model to predict 1-year readmission to the 

emergency department (new ways). 

In Study III the first systematic map of the published evidence on the use of wearable sensors 

(new ways) in caregivers of people with dementia (neglected patients) is provided, mainly 

focusing on sleep disorders (neglected features). 

Study IV investigates associations between Fried’s frailty phenotype and sleep disorders  

(neglected features), evaluating possible associations with gastrointestinal symptoms (new 

ways) in hospitalized middle-aged adults with low comorbidities and without cognitive 

impairment (neglected patients). 

Lastly, Study V explores the association between multimorbidity, evaluated through chronic 

disease patterns (neglected features) and physical performance tests by examining their 

longitudinal trajectories over 15 years (new ways) in a community-based cohort of older adults. 

 

Frailty is not just a physical phenomenon. The findings of this doctoral thesis suggest 

broadening the discussion surrounding frailty by evaluating the interplay between physical, 

psychological, and social factors, and by shifting the focus to patient groups beyond older 

adults. Moreover, this doctoral thesis provides novel instruments to approach this interplay, 

aiming to foster resilience in patients and improve their ability to prevent functional decline 

through tailored prevention and person-centered care. 
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1. FRAILTY 
 
1.1. A multidimensional condition 

Frailty is a clinically identifiable state of diminished physiological reserve and increased 

vulnerability to a broad range of adverse health outcomes [1,2]. 

Although the concept of frailty has been recognised for centuries, it was not until 2001 that a 

landmark attempt was made to standardise the definition of frailty via a description of the 

condition’s core clinical presentations [3]. 

Since then, the concept of frailty has constantly evolved in the literature, with a progressive 

debate about how to define this condition [4]. This debate aside, some important factors have 

remained consistent over the past decades in the conceptualisation of frailty [4,5]. First, frailty 

is multidimensional, with several factors playing a part in its development [4] (Figure 1).  

 

 
 

Fig. 1 – Frailty as a multidimensional condition 

 

Second, frailty is dynamic, which means that an individual can fluctuate between states of 

severity of frailty [4]. Frailty is potentially preventable, up to a probable point of no return 



 3 

when it becomes a pre-death phase [4]. Therefore, strategies to prevent and slow the 

progression of frailty are paramount [4] (Figure 2). 

 

 
 

Fig. 2 – Usual trajectory of frail individuals across the lifecourse 

 

However, as it is a comparatively new research discipline, many gaps in knowledge remain: no 

universal consensus exists on the definition of frailty or its assessment, and more robust, high-

quality trials of strategies to prevent and manage frailty are needed [6].  

 

1.2.  Measurement of frailty 

Despite the existence of various definitions, two concepts of frailty predominate: frailty as a 

syndrome and frailty as a state of accumulated health deficits [1]. The two concepts identify 

different subpopulations as frail. The Fried frailty phenotype delineates a clinical syndrome 

resulting from altered metabolism coupled with abnormal stress responses [3]. Characteristic 

features are exhaustion (first manifestation), weakness, slowness, physical inactivity, and 

weight loss (last manifestation) [3]. The presence or absence and degree of frailty are 

determined by the number of features presented: a person is considered to be “robust” if none 
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of the features are present, “prefrail” if one or two are present, and “frail” if three to five are 

present. The presence of all five features indicates a critical transition, with the risk of death 

rising sharply and the chance of reversal diminishing [1]. The Fried frailty phenotype is distinct 

from the presence of multiple coexisting disorders and disability [7].  

The concept of frailty as deficit accumulation focuses on a state of poor health mainly due to 

compounded age-related deficits [8]. The selection of deficits for evaluation depends on the 

context and available information (e.g., survey results, a comprehensive geriatric assessment, 

electronic medical records, administrative data, or biomarkers) and can include diagnoses, 

cognitive and physical impairment, disability, poor nutritional status, and laboratory 

abnormalities [9]. The degree of frailty is quantified by means of a frailty index (FI), which is 

the number of deficits present as a proportion of the total number of deficits assessed, with at 

least 30 assessed [10].  

 

1.3.  Multimorbidity 

The presence of multiple co-occurring diseases within the same individual, i.e. multimorbidity, 

is commonly observed, in particular in older people [11–13]. Multimorbidity carries a critical 

burden at both the individual and societal levels, particularly in healthcare systems designed to 

handle individual diseases rather than multiple conditions [14]. 

Individuals affected by multimorbidity are at a higher risk of experiencing a lower quality of 

life, as well as increased rates of disability and mortality [11,15]. Additionally, psychological 

well-being may suffer as a consequence of multimorbidity, as individuals may experience 

increased stress, anxiety, and depression due to the physical and emotional burden of managing 

multiple health conditions [16,17]. Multimorbidity also places a heavy burden on the healthcare 

system as it contributes to unplanned hospitalization and healthcare utilization [14]. Notably, 

it is not only the rising count of multiple health conditions that raises the probability of 

unfavorable outcomes (‘quantity’), but also their specific combinations (‘quality’), which is 

believed to express the synergistic effects of diseases and their treatments. 

Over the past two decades, researchers have developed several operationalizations of 

multimorbidity that are intended to provide a more accurate description of diverse morbidity 

phenotypes, as opposed to the original conceptualization based on a threshold of two or more 

diseases that has been shown to have limited discriminative power in older adults [13,18]. The 

number of diseases is widely used to measure the burden of multimorbidity [14]. A higher 

number of diseases has been linked to various health outcomes, including disability, physical 
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performance, and mortality [19,20]. However, this approach may not accurately reflect the 

impact of severe conditions, such as dementia, on overall health. To address this, weighted 

indices have been developed, including the Charlson Comorbidity Index and the Cumulative 

Illness Rating Scale (CIRS), which have been implemented in geriatric care [21,22]. Moreover, 

individuals with multimorbidity exhibit considerable heterogeneity based on their specific 

combinations of diseases. Diseases tend to cluster in specific patterns rather than occurring 

randomly [13,14]. Among individuals with at least two diseases, clusters of cardiometabolic, 

neuropsychiatric, and musculoskeletal diseases have been consistently identified [23]. 

Understanding how diseases cluster is crucial for uncovering specific mechanisms that can be 

targeted through treatment or prevention interventions [20]. 
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2. NEGLECTED PATIENTS 
 

2.1 Not merely a geriatric syndrome 

The prevalence of frailty has increased in recent years largely because of population ageing 

[1]. However, frailty is not limited to older people. Frailty and prefrailty can exist in individuals 

younger than 65 years, particularly among those with multimorbidity [6]. Thus, the 

management of frailty should be an important clinical priority for all health professionals, not 

just those caring for older people [6]. Frailty is identifiable in middle-aged as well as older 

adults and is associated with mortality independently of the extent of multimorbidity as well 

as age, sex, sociodemographic, and lifestyle factors [6]. 

Frailty reflects biological and phenotypic rather than chronological age [24,25]. Implicit in the 

frailty phenotype is the progression from pre-frailty to frailty [3]; however, this progression 

could be reversible in some patients [24,25]. Frailty predicts future disability but might be 

modifiable, particularly at an early stage [24,25], suggesting that identification of frailty and 

pre-frailty in middle age (those younger than 65 years) might have implications for prognosis, 

optimising care, and planning interventions [6]. 

 

2.2 Social vulnerability 

According to the current knowledge, frailty appears to be strongly associated with social 

vulnerability [6], the accumulation of numerous, varied social problems with a bidirectional 

relationship on adverse health outcomes [26,27]. While evidence suggests this bidirectional 

relationship, the body of evidence showing that social vulnerability is associated with 

worsening frailty is more developed, as shown in a recent systematic review of studies 

assessing longitudinal changes both in frailty and social vulnerability in patients aged above 

18 years (Figure 3) [26]. 
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Fig. 3 – Harvest plot of longitudinal relationships between frailty and social vulnerability, adapted from [26]. Each 

bar represents a study. The height of the bar indicates the sample size. The position of the bar on the matrix shows 

the direction of association. 

 

 

In another recent report covering 62 countries worldwide, it is highlighted that individuals with 

a socially vulnerable status are all at increased risk for frailty [1]. These findings are consistent 

with other cross-sectional [28,29] and longitudinal studies [30]; in particular, data from the 

English Longitudinal Study of Ageing, suggested that the 14-year trajectories of the frailty 

index are associated with social isolation [30]. Moreover, the association between frailty and 

social isolation has also been demonstrated among relatively younger people in an 

observational analysis conducted using the UK Biobank Resource (participant’s mean age: 56.5 

years) [31]. 
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2.3 Alcohol use disorders: a model of “accelerated” frailty 

Habitual alcohol consumption is one of the most common modifiable lifestyle factors that could 

lead in time to social vulnerability [32]. To date, the association between alcohol consumption 

and incident frailty remains controversial  [32]. However, there are only a few studies that 

address this association, mainly evaluating the Fried’s phenotype rather than the FI, thus with 

a potential underestimation of the prevalence of frailty in people with alcohol use disorder 

(AUD).  

Moreover, AUD is an underdiagnosed condition in most countries [33], and AUD-related 

stigma contributes to worsening it. In Italy, a recent report by the National Observatory on 

Alcohol shows that out of 710,000 estimated harmful users of alcohol in need of treatment, 

only 72,000 are followed by the alcohol services of the National Health System [34]. Thus, 

90% of alcohol addicts in Italy cannot access treatment because it is not requested either by the 

addicted person or by a health professional in charge of identifying the problem [34]. People 

with AUD can feel isolated and rejected because they come to believe that the negative attitudes 

and false beliefs about AUD apply to them [35]. Stigma may consciously or unconsciously 

create biases even within experienced healthcare providers, and this can compromise the care 

path and lead to the worsening of social vulnerability [36]. 

Lastly, several studies provide biological evidence for accelerated aging in young patients with 

AUD [37,38]. Thus, the accumulation of deficits related to chronic alcohol-related diseases 

leads in time to an accelerated state of diminished physiological reserve that, in addition to the 

social vulnerability, could lead to an early onset of frailty in people with AUD. 

 

2.4 Frailty related to the burden of care 

Frailty places a burden not only on affected individuals but also on their families. Many older 

adults live in the community and need high levels of assistance for all activities of daily living. 

Such assistance is mainly provided by formal or informal caregivers [39]. 

Caregiving, as a chronic stressor, triggers a multifaceted stress response among caregivers, 

encompassing psychosocial aspects (such as depression and social isolation), behavioral 

patterns (like sedentary lifestyle and unhealthy dietary habits), and physiological changes (e.g., 

increased inflammation and metabolic abnormalities) [39]. These responses gradually deplete 

an individual’s physiological and psychological resources, eroding their physical and 

psychological resilience [40]. This results in caregivers falling into a vulnerable state due to 

significant health declines, manifesting as multidimensional frailty symptoms [39]. 
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Consequently, for caregivers, the long-term responsibility of caregiving may further diminish 

resilience through chronic stress responses, thereby increasing the risk of frailty (Figure 4) [40]. 

 

 

 
 

Fig. 4 – Predicted values of the frailty index grouped according to whether or not being a spousal caregiver, 

adapted from [40].
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3. NEGLECTED FEATURES 
 

3.1 Minor trauma and alcohol: the elephant in the room 

Traumas are among the clinical conditions most frequently associated with AUD [41]. 

Excessive alcohol consumption appears to be among the major causes worldwide of fatal 

trauma [41,42]. In addition to acute deaths caused by unintentional injuries, motor vehicle 

crashes and falls, as well as the contributions of alcohol to intentional death, alcohol 

consumption is a leading contributing cause to minor trauma [41]. These are often 

underestimated clinical conditions, in particular at the Emergency Department (ED), mainly 

due to the burden of physicians but also to the underlying AUD-related stigma. This 

underestimation often leads to a significant delay in the recognition of AUD, often diagnosed 

after the onset of chronic alcohol-related conditions and the worsening of social vulnerability. 

Giving due weight to minor trauma could be one of the keys to early identifying people with 

AUD and sooner approaching them for specialized care. 

 

3.2 Sleep disorders 

Sleep/wake cycle is a physiological function that exhibits a circadian variation, and it is one of 

the most important lifestyle processes of a human being. Thus sleep duration and quality are 

crucial determinants of human’s health [43]. The main sleep disorders are insomnia, i.e., 

difficulty initiating and maintaining sleep or waking up before the necessary sleep time; restless 

legs syndrome, i.e., involuntary movement of lower limbs during rest with relief during 

activities; obstructive sleep apnea, i.e., obstruction of the airways in the oropharyngeal region 

for circa 20 seconds during sleep; excessive daytime sleepiness, i.e., exaggerated need for sleep 

during the day with no improvement in sleepiness; and sleep fragmentation, i.e., frequent brief 

or long awakenings [44]. 

Sleep disorders lead in time to functional decline, decreased muscle strength, decreased growth 

hormone levels, low physical activity, anxiety, and even falls [43]. Since these are also involved 

in the pathogenesis of frailty, it was postulated that sleep disturbances could be associated with 

frailty [45,46]. Various potential mechanisms that may underlie the relationship between sleep 

disorders and frailty risk are outlined in Figure 5. 
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Fig. 5 – An overview of various possible mechanisms involved in the relationship between sleep disorders and 

frailty risk, adapted from [47]. Abbreviations: IL: Interleukine-6; TNF-a: tumour necrosis factor alfa; CRP: c-

reactive protein; IGF-1: insulin grow factor 1 

 

Previous studies have evaluated the associations between sleep disorders and frailty [43,47,48]. 

However, findings are inconsistent, and many of these studies are based on self-reported sleep 

assessments and cross-sectional designs.  

Sleep quality and quantity could be assessed by evaluating different outcome measures, i.e., 

sleep duration (SD), sleep efficiency (SE), sleep latency (SL), and sleep fragmentation (SF). 

These outcome measures could be evaluated by using subjective and objective tools. Among 

the subjective tools, the Pittsburgh Sleep Quality Index (PSQI) [49] and the Epworth Sleepiness 

Scale (ESS) [50] are the most frequently used. The PSQI is a rating scale developed to provide 

a reliable and standardized measure of sleep quality. This scale consists of 19 items that must 

be evaluated by the subject himself and another 5 to which the bed or room partner must 

respond only serve as further information. The 19 items are grouped into 7 composite items 

that represent the subjective quality of sleep, sleep latency, sleep duration, habitual sleep 

efficiency, sleep disturbances, use of hypnotic drugs, and daytime disturbances. A score higher 

than 5 is considered indicative of the presence of sleep disorders [49]. The ESS is a self-

administered questionnaire consisting of eight items that explore the tendency to sleep 

propensity in real-life scenarios over the past months. Each item can be scored from 0–3 points, 
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making the total score range from 0 to 24. The suggested score range for individuals without 

sleep issues is 0–10 [50]. 

Objective measurement of sleep quality and quantity could be evaluated using wearable sensor 

systems, which will be further discussed in detail. 
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4. NEW WAYS TO ADDRESS THEM 
 

4.1 Needs for novel and tailored predictive models 

Predictive modeling is an efficient method to identify people who could benefit from 

interventions to prevent adverse outcomes [51]. Predictive modeling involves the use of 

mathematical and computational methods to forecast future events or outcomes [51]. These 

methods encompass various techniques, such as regression analyses, decision trees, random 

forests, neural networks, and support vector machines. Equation-based models belong to a 

specific category of models that utilize mathematical equations to describe the relationship 

between variables [51]. 

To date, support vector machines were the most used techniques for predictive models of frailty, 

with the electronic frailty index (eFI) as the most predicted frailty score [52]. However, there 

is poor evidence focusing on other aspects of frailty, e.g., the social vulnerability. 

 

4.2 Digital biomarkers and wearable sensor system 

Biomarkers are defined as a set of characteristics that are objectively measured and used as 

indicators of normal biological processes, pathogenic processes or biological responses that 

appear due to exposure or therapeutic interventions [53]. The digitalisation of our world 

impacts daily living and healthcare, broadening the spectrum of the possible sources and 

methods used to measure biomarkers and introducing a novel dimension of measurable 

characteristics [53]. This allows digital devices used daily, such as smartphones, wearable 

devices, sensors, and smart home devices, to provide a new category of biomarkers, called 

‘digital biomarkers’ [53]. 

Digital biomarkers are defined as objective, quantifiable, quantitative, physiological, and 

behavioural data collected to explain, influence and/or predict health-related outcomes, and 

measured by means of digital devices such as portables, wearables, implantables, or digestibles 

[54]. 

The measurement of digital biomarkers is characterized by its non-invasive nature and 

suitability for real-life evaluation. In particular, technological advancements over the past 

decade have resulted in the availability of wearable devices that can provide both assistance 

and monitoring to individuals in accordance with the "4P medical model," which stipulates that 

medicine should be preventive, predictive, personalized, and participative [55–57]. Wearable 
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devices can track movement and gather information about people's lifestyles and habits, such 

as their mobility levels [55] or real-world walking speed [58], using miniature motion sensors 

like accelerometers or gyroscopes. Accelerometers measure linear acceleration in real-time and 

can detect movement in up to 3 planes, i.e., vertical, anteroposterior and medio-lateral. 

Pedometers measure the number of steps taken and correlate well with uni-axial accelerometers 

[59]. Gyroscopes measure changes in orientation such as rotational or angular velocity, 

acceleration, or displacement [60]. 

The association between physical activity and frailty is well documented [61,62]. Traditionally, 

measurement of mobility and physical activity in studies accounting for frailty has relied on 

the use of self-reported questionnaires, surveys or diaries, or direct observation of physical 

performance tests, each with inherent difficulties and limitations [63]. Wearable sensors 

provide the opportunity for objective measurement of mobility and physical activity, and 

therefore their use in studies on frailty has risen in the last years [61,64–70]. 

However, wearable sensors should be employed to monitor the health status and well-being 

also of caregivers of people with chronic diseases, tracking the toll imposed by the burden of 

care and potentially allowing for early identification of burnout, frailty and other adverse health 

consequences. 

 

4.3 (in search of) new associations to understand frailty 

Understanding frailty and its associated factors is crucial for developing effective health 

promotion and disease prevention strategies. For example, it has recently been hypothesised 

that detrimental ageing-related alterations may also involve the gastrointestinal tract, leading 

to an altered inflammatory response [71,72], impaired intestinal permeability [73], and gut 

microbiota alterations [74]. These mechanisms may trigger the frailty syndrome (Figure 6) 

[72]. 
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Fig. 6 – An overview of age-related gastrointestinal alterations that may lead to the worsening of frailty. 
 

Thus, gastrointestinal symptoms such as anorexia, taste changes, and dyspepsia, need to be 

further investigated in relation to the development of frailty [72]. These symptoms can be 

evaluated through appropriate scales or questionnaires such as the Gastrointestinal Symptom 

Rating Scale (GSRS) [75]. GSRS is a disease-specific instrument of 15 items combined into 

five symptom clusters, i.e., reflux, abdominal pain, indigestion, diarrhoea, and constipation. 

The GSRS has a seven-point graded scale where 1 represents the absence of symptoms and 7 

represents very troublesome symptoms [75]. 

 

4.4 Understanding the longitudinal trajectories of frailty 

Frailty is dynamic, with both possible worsening and improving transitions [76]. This dynamic 

nature has been demonstrated in different cohorts worldwide [77–80]. However, more evidence 

is needed. To better characterize such dynamism, it is crucial to recognize and better describe 

the specific factors, modifiable and non-modifiable, that might influence the transitions across 

different frailty stages. Moreover, it will be of interest to provide an estimation of the 

probability of transition between different frailty stages and the usual permanence time in each 

status according to the identified specific factors. 
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Frailty trajectories may help identifying homogeneous groups of people with similar needs, 

and assist clinicians and health care systems in personalizing clinical interventions and 

preventive strategies.
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SECTION II
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5. RESEARCH AIMS 
 

5.1. Overall aim 

The overall aim of this thesis is to evaluate frailty from other perspectives in search of new 

strategies to prevent and slow its progression. 

The scientific works included in this doctoral thesis mainly focused on patients other than older 

adults with high comorbidities to highlight the needs of these “neglected” individuals and 

subsequently try to intercept them earlier in their trajectory towards disability and death (Figure 

7). To this aim these works investigate new ways to address them. 

 

 

 

 
Fig. 7 – Usual frailty trajectories of the type of individuals evaluated in the five studies 
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5.2. Specific aims 

The overall aim of this thesis is addressed through the following individual studies: 

 

Study I: to assess long-term mortality and its association with chronic alcohol-related diseases 

in frail young patients admitted to the emergency department from 2005 to 2017 with acute 

alcoholic intoxication, focusing on the evaluation of minor trauma and social vulnerability; 

Study II: to develop and internally validate a multivariable logistic regression model for the 

prediction of the probability of 1-year readmission to the emergency department in patients 

with acute alcohol intoxication. 

Study III: to provide the first systematic map of the published evidence on the use of wearable 

sensors in caregivers of people with dementia, mainly focusing on sleep and physical activity 

evaluation; 

Study IV: to obtain exploratory results on associations between sleep symptoms and 

gastrointestinal symptoms in pre-frail and frail hospitalized middle-aged and healthy older 

adults with low comorbidities and without cognitive impairment; 

Study V: to explore the association between different multimorbidity patterns and physical 

performance tests by examining their longitudinal trajectories over 15 years in a community-

based cohort of older adults. 

 

 
 

Fig. 8 – Graphical overview of the five studies included in the doctoral thesis

Middle-aged
and healthy older 

inpatients 

Sleep
disorders

Study IVStudy IIIStudy I - Study II

Caregivers
of people

with dementia

Sleep
disorders

Neglected 
features

Minor
trauma

Individuals
with alcohol use 

disorder

Study 
population

Associations with 
unrelated symptomsNew ways Wearable sensor 

systems
Novel predictive 

models

Community-dwelling 
individuals

aged>60 

Study V

Patterns of 
multimorbidity

Physical performance 
trajectories



 20 

 

SECTION III
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6. STUDY I 

 

6.1 Specific aim 

Early recognition of AUD is crucial because chronic alcohol abuse leads to long-term disease, 

e.g., liver cirrhosis, cardiovascular disease, and neurological disease. In Italy, the ED plays a 

central role in identifying patients with AUD, who often come there because of acute alcoholic 

intoxication (AAI) [34,81–83].  

There are presently no data on long-term mortality in patients with AAI admitted to the ED and 

all the available studies of short-term mortality of AAI performed in the ED have focused on 

acute consequences of alcohol abuse, e.g., major trauma [84].  

The aim of the present retrospective cohort study was therefore to assess long-term mortality 

and its association with chronic alcohol-related diseases in patients with AAI admitted to the 

ED of a large metropolitan hospital.  

 

6.2 Materials and methods 

6.2.1 Study design and setting 

The present retrospective cohort study enrolled consecutive patients admitted for AAI to the 

ED of the Sant’Orsola- Malpighi Hospital (Bologna, Italy) from January 1, 2005, to December 

31, 2017. The study was approved by the Ethical Committee of the Emilia-Romagna Region 

(CE-AVEC, number of approval 302/2020/Oss/AOUBo). Written informed consent was 

waived in view of the retrospective nature of the study. 

 

6.2.2 Participants 

Patients with AAI were eligible for the present study. We operationally defined AAI as at least 

one of the following diagnoses as coded by the International Classification of Diseases version 

9 or 10 (ICD-9 and ICD-10) depending on the study period: (1) alcohol abuse; (2) alcohol 

dependence syndrome; (3) toxic effect of alcohol; (4) accidental poisoning by and exposure to 

alcohol; (5) intentional self-poisoning by and exposure to alcohol; (6) alcohol poisoning; (7) 



 22 

evidence of alcohol involvement determined by blood alcohol level. The only exclusion 

criterion was age < 18 years. 

 

6.2.3 Variables and data sources 

The outcome variable was mortality rate. The last ascertainment of living status was made on 

08 May 2020 using the ED electronic registry system, which is linked to the registry offices of 

the municipality where the patients were living at the time of death or at the end of the study. 

The prespecified predictors of mortality, obtained from the ED electronic registry system using 

ICD-9 or ICD-10 codes depending on the study period, were: (1) age at first (“baseline”) 

admission (years); (2) male sex (0 = no; 1 = yes); (3) AUD (0 = no; 1 = yes); (4) substance use 

disorder (SUD) (0 = no; 1 = yes); (5) more than 1 admission to ED for trauma (0 = no; 1 = yes); 

(6) mental and behavioral disorders (0 = no; 1 = yes); (7) neurological disorders including non-

cardiac syncope, vertigo, dizziness, and tremors (0 = no; 1 = yes); (8) cirrhosis (0 = no; 1 = 

yes); (9) cardiovascular disease (0=no; 1=yes). 

 

6.2.4 Statistical analysis 

Continuous variables are reported as median (50th percentile) and interquartile range (IQR, 

25th and 75th percentiles) and discrete variables as the number and proportion of subjects with 

the characteristic of interest. Death rates were calculated per 1000 person years (PY). In 

addition to the overall death rate, we calculated the death rate associated with AUD, SUD, and 

their combination. A prespecified multivariable Cox regression model was used to evaluate the 

association between survival time and potential predictors. Survival time was calculated as the 

difference between the present and the previous admission or death or censoring, employing 

multiple records per patient [85]. Such format allowed to easily code for time-varying 

covariates. The time-fixed covariates of the Cox regression model were sex (discrete: 1 = male; 

0 = female) and baseline age (continuous, years) divided by 5, to represent an increment of 5 

years. The time-varying covariates of the Cox model were AUD (discrete, 0 = no; 1 = yes), 

SUD (discrete, 0 = no; 1 = yes), more than 1 admission to ED for trauma (discrete, 0 = no; 1 = 

yes), mental and behavioral disorders (discrete, 0 = no; 1 = yes), neurological disorders 

(discrete, 0 = no; 1 = yes), liver cirrhosis (discrete, 0 = no; 1 = yes), and cardiovascular disease 

(discrete, 0 = no; 1 = yes). Fractional polynomials were used to test whether the relationship 
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between continuous age and survival time was linear given the other discrete covariates [86]. 

The relationship was found to be linear and modeled as such. The 95% confidence intervals of 

the model coefficients and of the corresponding hazard ratios were calculated using the 

bootstrap on 1000 random samples with replacement [87]. The proportional hazards 

assumption made by the Cox model was ascertained using Schoenfeld residuals [88]. The 

Akaike information criterion (AIC) and the Bayesian information criterion (BIC) were used to 

assess model fit [89]. Standardized mortality ratios (SMR) were calculated every five years of 

age using reference data from Northern Italy for the years 2011–2017 (http:// 

dati.istat.it/Index.aspx). Confidence intervals for rates and SMR were calculated using the 

quadratic approximation to the Poisson log likelihood for the log-rate parameter. Statistical 

analysis was performed using Stata 17.0 (Stata Corporation, College Station, TX, USA). 

 

6.3 Results 

6.3.1 Participants  

During the 13 years of the study, 883,683 emergency admissions were performed at the ED of 

the Sant’Orsola-Malpighi Hospital. Among these, 6415 (0.7%) were admissions for AAI that 

involved 3304 single patients. 133 of these 3304 patients died between 17 Sep 2007 and 08 

May 2020. 

 

6.3.2 Baseline measurements 

The baseline measurements of the patients are given in Table 1. 

 

Table 1 – Demographic and clinical characteristics at the first (“baseline”) admission of 3304 patients 

admitted to the Emergency Department for acute alcoholic intoxication between January 1, 2005, and 

December 31, 2017. 

 N = 3304 

Italian citizen 2068 (62.6%) 

Male sex 2195 (66.4%) 

Age (years) 30 (22; 43) 
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Aged < 18 years 172 (5.2%) 

Homeless 262 (7.9%) 

Alcohol use disorder 357 (10.8%) 

Substance use disorder 175 (5.3%) 

More than 1 admission to ED for trauma 425 (12.9%) 

Mental and behavioural disorders 477 (14.4%) 

Neurological disorders 257 (7.8%) 

Dementia 12 (0.4%) 

Cirrhosis 63 (1.9%) 

Cardiovascular disease 138 (4.2%) 

 

 

63% of the patients were Italian citizens and 66% were males. The median (IQR) age was 30 

(22; 43) years and 5% of the patients were aged < 18 years. 8% of patients were homeless; 11% 

had already received a diagnosis of AUD and 5% one of SUD; 13% had previously had more 

than 1 admission to ED for trauma; 14% had mental and behavioral disorders and 8% 

neurological disorders, while dementia was uncommon (0.4%); cirrhosis was present in 2% 

and cardiovascular disease in 4% of the patients. 

 

6.3.3 Measurements at the last available admission 

Table 2 compares the characteristics at the last available admission of the 133 patients who 

died during the followup with those of the 3171 patients who were alive at the end of the follow-

up. 

 

Table 2 – Demographic and clinical characteristics at the last available admission of 3304 patients 

admitted to the Emergency Department for acute alcoholic intoxication between January 1, 2005, and 

December 31, 2017, stratified by living status as determined on May 8, 2020. 

 

Alive Dead 
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N = 3171 N = 133 

Italian citizen 1950 (61.5%) 118 (88.7%) 

Male sex 2089 (65.9%) 106 (79.7%) 

Age (years) 29 (22; 43) 61 (50; 73) 

Aged < 18 years 172 (5.4%) 0 (0.0%) 

Homeless 273 (8.6%) 24 (18.0%) 

Alcohol use disorder 461 (14.5%) 83 (62.4%) 

Substance use disorder 190 (6.0%) 26 (19.5%) 

More than 1 admission to ED for trauma 557 (17.6%) 75 (56.4%) 

Mental and behavioural disorders 518 (16.3%) 47 (35.3%) 

Neurological disorders 267 (8.4%) 44 (33.1%) 

Dementia 10 (0.3%) 8 (6.0%) 

Cirrhosis 69 (2.2%) 29 (21.8%) 

Cardiovascular disease 119 (3.8%) 41 (30.8%) 

 

 

The patients who died were mostly Italian citizens (89%) and males (80%) and had a median 

age much higher than that of those who were still alive (61 vs. 29 years). AUD (62 vs. 14%), 

SUD (19 vs. 6%), more than 1 admission to ED for trauma (56 vs. 18%), mental and behavioral 

disorders (35 vs. 16%), neurological disorders (33 vs. 8%), cirrhosis (22 vs. 2%) and 

cardiovascular disease (31 vs. 4%) were also commoner among the patients who died. 

 

6.3.4 Follow-up 

The median number of admissions per patient was 1, but it was extremely skewed, ranging 

from 1 to 200. The median follow-up time was 9.3 years (range: 3 days to 15.3 years) and the 

time on risk was 30,053 PY with a death rate corresponding to 4.42 (95% CI 3.74 to 5.26) per 

1000 PY (n = 133 deaths). 

 

6.3.5 Death rate associated with AUD, SUD, and their combination 



 26 

Table 3 reports the death rate in patients with AUD, SUD, and their combination. 

 

Table 3 – Death rate in patients with AUD, SUD, and their combination. 

  Death PY Rate (95%CI) 

AUD- — 50 25.25 1.98 (1.51 to 2.65) 

AUD+ — 83 4.80 17.30 (14.04 to 21.52) 

SUD- — 107 28.14 3.80 (3.16 to 4.62) 

SUD+ — 26 1.91 13.58 (9.36 to 20.37) 

AUD- SUD- 42 24.20 1.74 (1.29 to 2.38) 

AUD- SUD+ 8 1.05 7.60 (3.88 to 16.87) 

AUD+ SUD- 65 3.94 16.51 (13.05 to 21.16) 

AUD+ SUD+ 18 0.86 20.89 (13.35 to 34.22) 

Death rate is calculated as death/person-time (per 1000). Abbreviations: AUD = alcoholic use disorder; 

SUD = substance use disorder; PY = person-years. 

 

The death rate was higher in patients with AUD (17.30 per 1000 PY) than in those without 

AUD (1.98 per 1000 PY), and in patients with SUD (13.58 per 1000 PY) than in those without 

SUD (3.80 per 1000 PY). Lastly, there was a clearly higher death rate among AUD+ SUD+ 

(20.89) compared to AUD- SUD-patients (1.74). 

 

6.3.6 Multivariable prediction of time‐to‐death  

Model 1 of  Table 4 is the prespecified Cox regression model used to investigate the relationship 

between time-to-death and its potential predictors. 

 

Table 4 – Multivariable Cox regression of time-to-death. 

 Model 1 Model 2 Model 3 

Male 1.64
*
 

[1.05 to 2.56] 

1.61
*
 

[1.01 to 2.57] 

1.68
*
 

[1.07 to 2.64] 
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Baseline age / 5 (years) 1.48
***

 

[1.39 to 1.58] 

1.49
***

 

[1.39 to 1.58] 

1.48
***

 

[1.40 to 1.58] 

Alcohol use disorder 2.13
***

 

[1.36 to 3.34] 

2.62
***

 

[1.72 to 4.00] 

— 

 

Substance use disorder 3.69
***

 

[2.13 to 6.41] 

4.22
***

 

[2.47 to 7.21] 

4.00
***

 

[2.25 to 7.11] 

More than 1 admission to ED for trauma 2.02
**

 

[1.31 to 3.12] 

 

— 

2.46
***

 

[1.66 to 3.64] 

Mental and behavioural disorders 0.96 

[0.62 to 1.47] 

0.98 

[0.64 to 1.51] 

1.10 

[0.71 to 1.72] 

Neurological disorders 1.46 

[0.98 to 2.20] 

1.49 

[0.98 to 2.28] 

1.62
*
 

[1.06 to 2.46] 

Liver cirrhosis 2.54
***

 

[1.58 to 4.08] 

2.73
***

 

[1.71 to 4.37] 

3.07
***

 

[1.87 to 5.05] 

Cardiovascular disease 1.50 

[0.94 to 2.40] 

1.62
*
 

[1.03 to 2.55] 

1.55 

[0.96 to 2.50] 

AIC 1645 1657 1657 

BIC 1706 1711 1711 

*
 p < 0.05, 

**
 p < 0.01, 

***
 p < 0.001 

Values are hazard ratios with 95% bootstrapped confidence intervals in brackets (see statistical analysis for 

details). Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion. 

 

The multivariable predictors of time-to-death identified by Model 1 were male sex (HR = 1.64), 

baseline age (HR = 1.48 for an increase of 5 years), AUD (HR = 2.13), SUD (HR = 3.69), more 

than 1 admission to ED for trauma (HR = 2.02), and liver cirrhosis (HR = 2.54). 

Because AUD and more than 1 admission for trauma were strongly associated (Spearman's rho 

= 0.52, p < 0.0001) suggesting multicollinearity [10], we fitted a second multivariable model 

without the more than 1 admission for trauma predictor (Model 2), and a third multivariable 

model without the AUD predictor (Model 3). Although there was some loss of gain in model 
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fit for Models 3 and 2 as compared to Model 1 as detected by both AIC and BIC, the point 

estimate of the HR and the lower 95% CI of the AUD predictor increased from Model 1 to 

Model 2 and the same was true for the more than one hospitalization for trauma predictor from 

Model 1 to Model 3. Because this may be a sign of multicollinearity, we preferred to employ 

Model 2, including AUD alone, for further analysis. 

It should be noted that the removal of the more than 1 admission to ED for trauma predictor 

from Model 1 allowed cardiovascular disease to be statistically significant in Model 2 and 

neurological disorders to be statistically significant in Model 3. This is not clinically relevant, 

at least in the present cohort, because of the imprecision of the estimate of the corresponding 

HR as shown by the wide 95% CI. Incidentally, the same is true for male gender in all models. 

Figure 9 plots the failure function of death estimated by Model 2 of Table 4 for AUD and SUD 

with all other variables set to their mean value, showing that SUD adds to AUD as the 

probability of death is concerned, confirming, and extending the findings obtained at 

univariable and bivariable analysis. 

 

 

Fig. 9 – Failure function of death estimated by Model 2 of Table 4 for AUD and SUD with all other 

variables set to their mean value. 
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Table 5 gives the SMR for the study cohort. A clear excess of observed vs. expected deaths can 

be detected from 40 to 65 years and for the (75–80] years age band.  

 

Table 5 – Standardized mortality ratios. Abbreviations: PY = person years; Obs. = observed; Exp. = 

expected; SMR = standardized mortality ratio; 95%CI = 95% confidence interval. 

Age band (years) PY Obs. Deaths Exp. Deaths SMR (95%CI) 

(15 – 20] 765 0 0.15 — 

(20 – 25] 3685 0 1.11 — 

(25 – 30] 5161 2 1.55 1.29 (0.32 to 5.17) 

(30 – 35] 4392 0 1.32 — 

(35 – 40] 3421 4 1.71 2.34 (0.88 to 6.23) 

(40 – 45] 2871 8 2.30 3.48 (1.74 to 6.97) 

(45 – 50] 2560 9 3.64 2.47 (1.29 to 4.75) 

(50 – 55] 2114 12 4.86 2.47 (1.40 to 4.35) 

(55 – 60] 1571 17 5.97 2.85 (1.77 to 4.58) 

(60 – 65] 1193 17 7.99 2.13 (1.32 to 3.42) 

(65 – 70] 832 10 9.15 1.09 (0.59 to 2.03) 

(70 – 75] 572 11 10.76 1.02 (0.57 to 1.85) 

(75 – 80] 334 18 11.16 1.61 (1.02 to 2.56) 

(80 – 85] 250 10 15.25 0.66 (0.35 to 1.22) 

(85 – 90] 187 11 22.30 0.49 (0.27 to 0.89) 

> 90 105 4 23.24 0.17 (0.06 to 0.46) 

Total 30053 133 122.44 1.09 (0.92 to 1.29) 

 
 

There were no deaths among patients aged ≤ 25 years, whose characteristics are given in Table 

6. 

 



 30 

Table 6 – Demographic and clinical characteristics at the first (“baseline”) admission of 3304 patients 

admitted to the Emergency Department for acute alcoholic intoxication between January 1, 2005, and 

December 31, 2017, stratified by age. 

 

This ancillary analysis was performed because binge drinking represents the first cause of death 

in subjects ≤ 25 years [34,90,91]. Patients aged ≤ 25 years were mostly Italian citizens (69% 

vs. 58%) with a lower frequency of homeless patients (2% vs. 11%) as compared to those aged 

> 25 years. The median (IQR) hour of the ED admission of the younger patients was 3:00 (2:00; 

5:00) while that of the older patients was 10:00 (03:00; 20:00). Interestingly, 2% of the younger 

patients had already received a diagnosis of AUD and 2% one of SUD. Figure 10 plots the 

proportion of patients aged ≤ 25 years admitted to the ED during the study period. In line with 

 > 25 years ≤ 25 years 

 N=2099 N=1205 

Hour at admission 10 (3; 20) 3 (2; 5) 

Italian citizen 1,233 (58.7%) 835 (69.3%) 

Male sex 1,496 (71.3%) 699 (58.0%) 

Age (years) 39 (31; 50) 21 (19; 23) 

Homeless 239 (11.4%) 23 (1.9%) 

Alcohol use disorder 335 (16.0%) 23 (1.9%) 

Substance use disorder 145 (6.9%) 30 (2.5%) 

More than 1 admission for trauma 358 (17.1%) 67 (5.6%) 

Mental and behavioural disorders 414 (19.7%) 64 (5.3%) 

Neurological disorders 221 (10.5%) 35 (2.9%) 

Dementia 12 (0.6%) 0 (0.0%) 

Cirrhosis 63 (3.0%) 0 (0.0%) 

Cardiovascular disease 130 (6.2%) 8 (0.7%) 
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the available literature [34,90,91], the figure shows an increase in the proportion of patients 

aged ≤ 25 years starting from 2010. 

 

 

Fig. 10 – Proportion of patients aged ≤ 25 years admitted to the emergency department during the study 

period. Values are marginal proportions and cluster 95% confidence intervals estimated by using logistic 

regression with year of hospitalization as discrete predictor. 

 

 

6.4 Discussion 

The present retrospective cohort study was aimed at assessing long-term mortality and its 

association with chronic alcohol-related diseases in patients with AAI admitted to the ED. Our 

estimate of the frequency of admissions for AAI over the study period (0.7%) is in line with 

national data (≤ 1%) [34]. We quantified the mortality rate in 4.42 (95%CI 3.74–5.26) per 1000 

PY and identified AUD, SUD, and liver cirrhosis as strong and independent predictors of time- 

to-death. Importantly, there was a clear excess of deaths, as detected by the standardized 

mortality ratio (SMR), for the age bands from (40–45] to (60–65] years and in the age band 

(75–80] years. 
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The main strength of the present study is that it is the first one to investigate long-term mortality 

and its association with chronic alcohol-related diseases in patients with AAI. We performed 

such study in the ED because in Italy and most countries it is the first interface between the 

National Health System and persons with undiagnosed AUD. Another strength is the sample 

size, consisting of 3304 patients for a total of 6415 admissions performed during 13 consecutive 

years. A third strength is the fact that the median (IQR) age at the baseline admission was only 

30 (22; 43) making it less likely at the population level that death occurs because of chronic 

disease related to alcohol consumption. 

The present study has several limitations. We obtained mortality data from the registry offices 

of the municipality where the patients were living at the time of death or at the end of the study. 

It is thus possible that some deaths might have gone undetected among homeless patients. 

Nonetheless, 18% of the deaths which were recorded by the registry offices occurred in 

homeless patients. Another limitation is that it is likely that there is a proportion of cases where 

the ICD coding system was inappropriately used, leading to misclassification of AAI and of 

the predictors of interest. Having not performed an internal cross-validation of the ICD coding 

in this cohort, we cannot tell how much large such proportion is. Moreover, as the predictors 

are concerned, although it would be very useful to stratify them by etiology, e.g., viral vs. 

alcoholic liver cirrhosis, this cannot be reliably done from the ED database, as it is generally 

true for death certificates. Another limitation is that this is a single-center study performed in a 

hospital which is not a hub center for major trauma. Thus, we may have missed major traumas 

related to acute alcohol abuse even if the corresponding deaths if any were available in the ED 

system. Moreover, the aim of the present study was to evaluate the association between 

mortality and chronic alcohol-related diseases. 

AAI is often an underestimated cause of access to the ED which can hide serious underlying 

chronic diseases [92]. It is well known that chronic diseases such as liver cirrhosis, AUD, and 

SUD carry a mortality rate higher than that of the general population [93–95]. Mild AAI 

requires a short stay in the ED and only supportive therapy and does not lead to serious 

complications [81]. In most cases, however, AAI underlies AUD, and recognizing this 

association may lead to immediate care and prevention of chronic alcohol-related diseases [96]. 

Our study shows for the first time that the mortality rate of a large population accessing the ED 

for AAI is associated not only with the acute effects of alcohol but also with chronic alcohol-

related diseases. This suggests that the ED is a crucial place not only for treating the acute 

effects of AAI but also to identify patients with AUD and send them to the alcohol services of 
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the National Health System. The most interesting finding of the present study is how SUD adds 

to AUD as the mortality rate is concerned. This fact is expected from the available literature 

[97,98], but this is the first time that this relationship is reported for long-term mortality and 

for patients with AAI seen at the ED and has important clinical and organizational implications. 

Interestingly, while there were no deaths among the patients aged ≤ 25 years, 2% of them had 

already received a diagnosis of AUD and 2% one of SUD, which is not negligible. 

In conclusion, mortality is higher in AAI than in the general population and chronic alcohol-

related diseases are strongly associated with it.
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7. STUDY II 

 

7.1 Specific aim 

The notion that the ED could serve as a hub for the identification of patients with alcohol-

related disorders to direct them to specific alcohol treatment centers is widely supported 

[33,83]. In fact, patients with AUD could be identified using questionnaires such as the 10-item 

alcohol use disorder identification test (AUDIT) or its condensed version, the 3-item AUDIT-

C. However, these tools are underutilized in the ED due to time pressure and other factors 

[33,83]. Many studies have therefore been conducted with the aim of identifying readily 

available predictors of hospital readmission for AAI. However, these studies usually lasted for 

30 days, and few studies have evaluated potential predictors of the probability of 1-year 

readmission [99]. The present study aimed therefore to develop and internally validate a 

multivariable prediction model for estimating the probability of 1-year readmission to the ED 

for AAI. 

 

7.2 Materials and methods 

7.2.1 Source of data 

The development and internal validation of the multivariable model for the prediction of the 

probability of 1-year readmission to the ED was performed using the previously described 

retrospective cohort of AAI patients who accessed the ED of the Sant’Orsola-Malpighi 

Hospital from January 1, 2005, to December 31, 2017. 

 

7.2.2 Partecipants 

Patients with AAI who were admitted to the ED of the Sant’Orsola-Malpighi Hospital between 

January 1, 2005, and December 31, 2017, were eligible for the present study. AAI was defined 

as at least one of the following diagnoses: 1) alcohol abuse; 2) alcohol dependence; 3) alcohol 

toxicity; 4) accidental alcohol poisoning; 5) intentional alcohol poisoning; 6) alcohol poisoning 

(general); 7) alcohol intoxication, as measured by the blood alcohol level. Based on the study 

period, these diagnoses were made using the ICD codes version 9 or 10. The only criterion for 

exclusion was age < 18 years.  
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7.2.3 Outcome and Predictors 

The binary outcome was readmission to the ED of the Sant’Orsola-Malpighi Hospital for AAI 

within 365 days from the first admission (0 = no; 1 = yes). We compiled the following list of 

potential predictors before performing any modeling: 1) age of the patient at baseline admission 

(continuous, years); 2) male sex (binary, 0 = no; 1 = yes); 3) AUD (binary, 0 = no; 1 = yes); 4) 

SUD (binary, 0 = no; 1 = yes); 5) at least one previous admission for trauma (binary, 0 = no; 1 

yes); 6) mental or behavioral disorder (binary, 0 = no; 1 = yes); 7) homelessness (binary, 0 = 

no; 1 = yes).  

The age of the patient was determined by subtracting the date of admission to the ED from the 

patient’s birthdate, which was found either through the electronic registry of the ED or by 

asking the patients directly after they had recovered from AAI. Because we expected that the 

logit of age would not be linear, the functional form of age was pre-specified as having two 

terms that would be later defined using multivariable fractional polynomials (MFP) with 

bootstrap evaluation of stability [100,101]. Sex was defined as biological sex. Based on the 

study period, the ED electronic registry provided a previous diagnosis of AUD and SUD based 

on ICD-9 or ICD-10 codes. Additionally, the ED electronic registry was used to evaluate the 

presence of at least one previous admission for trauma and to obtain a previous diagnosis of a 

mental or behavioral disorder. 

 

7.2.4 Sample size 

This is a retrospective cohort study performed on an available dataset of 3304 patients with 

AAI. Before performing any modeling, we selected a list of potential predictors (see section 

2.4), determined their functional form (see section 7.2.3), and calculated the 1-year readmission 

rate (15.7%; 518/3304). We used the number of predictors (9 because age was prespecified as 

being coded by 2 predictors; see section 7.2.3) and the 1-year readmission rate to evaluate the 

minimum sample size needed to minimize overfitting and allow a precise estimation of model 

parameters [102–104]. In detail, we calculated that 2451 subjects were needed to detect a Cox-

Snell R2 of 0.1078, corresponding to a C-statistic of 0.70, which we deemed as the minimal 

acceptable optimism-corrected discrimination while ensuring: 1) a shrinkage of predictor 

effects < 5%; 2) a difference of 5% in the model apparent and adjusted Nagelkerke R2 and; 3) 

an estimation within 5% of the average outcome risk in the population [102–104]. The available 
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sample size of 3304 subjects was thus more than enough to develop a model with the desired 

discrimination and calibration features. 

 

7.2.5 Statistical analysis 

Most continuous variables were not Gaussian-distributed, and all are reported as median (50th 

percentile) and interquartile interval (25th and 75th percentiles). Discrete variables are reported 

as the number and percentage of subjects with the characteristic of interest. 

We started modeling by defining a benchmark multivariable logistic regression model (LRM) 

using 1-year readmission for AAI as the binary outcome, age as a continuous predictor, and 

sex, AUD, SUD, at least one previous admission for trauma, mental or behavioral disease, and 

homelessness as binary predictors. The hypothesis that AUD and possibly SUD were likely 

predictors of the probability of 1-year readmission prompted us to compare the calibration and 

discrimination of the benchmark model with those of simpler prespecified models not including 

AUD or SUD among predictors. The underlying model development strategy is detailed in 

Table 4. To this aim, the benchmark LRM was gradually simplified to get the most 

parsimonious LRM with a similar fit, discrimination, and calibration. Overall fit was evaluated 

using the scaled Brier score, i.e., the Brier score scaled by its maximum score (Briermax) 

according to the equation (1- Brier score) / Briermax, with a higher score representing greater 

accuracy. Discrimination, i.e., the ability to separate subjects with disease from those without 

disease, was evaluated using Harrell’s C-statistic which, for the case of logistic regression, 

equals the area under receiver-operating characteristic curve [105]. 

Calibration, i.e., the agreement between observed and predicted risk, was assessed by 

evaluating: 1) “mean calibration” or “calibration-in-the-large”, by comparing the observed 

event rate with the average predicted risk; 2) “weak calibration”, by performing a logistic 

analysis testing whether the calibration slope is 1; and, 3) “moderate calibration”, by using a 

“calibration plot” to test whether the predicted risks correspond to the observed event rates. 

Such a graph plots the predicted (expected) outcome probabilities (x-axis) against the observed 

outcome frequencies (y-axis). As suggested by the TRIPOD guidelines, we performed the 

calibration using tenths of the predicted risk and superimposed a line obtained by locally 

weighted scatterplot smoothing. A well-calibrated model shows predictions lying or around the 

45-degree line of the calibration plot [105]. 
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All models were internally validated by calculating the scaled Brier score, C-statistic, 

calibration in the large, calibration slope, and drawing a calibration plot with 95% confidence 

interval on 1000 bootstrap samples [105,106,106]. 

The linearity of the logit of age in all models was evaluated using MFP with bootstrap 

evaluation of stability [101]. Collinearity among predictors was assessed by evaluating the 

condition matrix [107] and by using Spearman’s rho [108]. Unlike our previous study (4), we 

did not use a previous episode of AAI as a predictor in the present study because it was expected 

to be collinear with AUD. 

Statistical analysis was performed using Stata 18.0 (Stata Corporation, College Station, TX, 

US) using the mfpboot, bsvalidation and pmsampsize user-written commands. 

 

7.3 Results 

7.3.1 Distribution of potential predictors 

The baseline distribution of the potential predictors of the probability of 1-year readmission for 

AAI is shown in Table 7. 

 
Table 7 – Baseline distribution of potential predictors of the probability of 1-year readmission for acute 

alcohol intoxication. 

 
 N = 3304 

Male sex 2195 (66.4%) 

Age (years) 30 (22; 43) 

Homeless 262 (7.9%) 

Alcohol use disorder 357 (10.8%) 

Substance use disorder 175 (5.3%) 

At least one previous admission for trauma 425 (12.9%) 

Mental or behavioral disease 477 (14.4%) 

 

Continuous variables are reported as median (50th percentile) and interquartile interval (IQI, 25th and 75th percentiles). 
Discrete variables are reported as the number and proportion of subjects with the characteristic of interest. 
 

 

7.3.2 Readmission for AAI at 1 year 

The readmission rate at 1 year was 15.7% (95%CI 14.4% to 16.9%, 518/3304). The 

readmission rate increased with increasing decade of age up to the 4th decade to decrease 
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thereafter (6%,  95%CI  5% to 7%  for age ≤ 2nd decade; 23%, 95%CI 20% to 26% for age < 

3rd decade; 35%, 95%CI 31% to 39% for age < 4th decade; 27%, 95%CI 21% to 32% for age 

< 5th decade; 15%, 95%CI 10% to 21% for age ≥ 6th decade; 13%, 95%CI  6% to 19% for age 

≥ 70 years) and was higher in men (17.9%, 95%CI 16.3 to 19.5%) than in women (11.4%, 

95%CI 9.5 to 13.2%).The readmission rate was also higher in homeless (54.6%, 95%CI 48.6 

to 60.6%) patients than in those with a fixed residence (12.3%, 95%CI 11.2 to 13.5%), in 

patients with (44.4%, 95%CI 39.3 to 49.6%) than in those without AUD (12.2%, 95%CI 11.0 

to 13.4%), in patients with (36.0%, 95%CI 28.9 to 43.1%) than in those without SUD (14.5%, 

95%CI 13.3 to 15.8%), in patients with (32.0%, 95%CI 27.6% to 36.4%) than in those without 

(13.3%, 95%CI 12.0 to 14.5%) one previous admission for trauma, and in patients with (32.2%, 

95%CI 28.0% to 36.4%) than in those without (12.9%, 95%CI 11.6% to 14.1%) mental or 

behavioral disease. 

 

7.3.3 Determination of the functional form of age 

As readily detected by using a locally weighted scatterplot smoother, the logit of age was not 

linear for all models. To determine the functional form of age, for which we had prespecified 

two terms, we used MFP with bootstrap evaluation of stability. To this aim, every model 

reported in Table 8 was run on 1000 bootstrap samples without replacement. Age was selected 

in all models with an FP functional form. 

 

Table 8 – Multivariable modeling strategy for the prediction of the probability of 1-year readmission for 

acute alcohol intoxication. 

 
 

  

 

M1 is the prespecified benchmark model. M4 to M6 are prespecified simplified models aimed at 

evaluating the hypothesis that the unavailability of SUD and AUD status can be circumvented by 

knowledge of other readily available predictors.  

 M1 M2 M3 M4 M5 M6 

Male sex (binary) ✓ ✓ ✓ ✓ ✓ ✓ 

Age (continuous) ✓ ✓ ✓ ✓ ✓ ✓ 

Alcohol use disorder (binary) ✓ ✓ — — — — 

Substance use disorder (binary) ✓ — — — — — 

At least one previous admission for trauma (binary) ✓ ✓ ✓ — — — 

Mental or behavioral disease (binary) ✓ ✓ ✓ ✓ — — 

Homeless (binary) ✓ ✓ ✓ ✓ ✓ — 
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Legend: ✓ = predictor included in the model; — = predictor not included in the model. 
 

 

7.3.4 Development and internal validation of the multivariable model 

Table 9 presents the internally validated LRMs and their metrics of overall fit, calibration, and 

discrimination. Internal validation, i.e., correction for optimism, was performed on 1000 

bootstrap samples without replacement. 

 

Table 9 – Comparison of multivariable models for the prediction of the probability of 1-year readmission 

for acute alcohol intoxication. 

 

 M1 M2 M3 M4 M5 M6 

Male sex 
0.25* [0.01 

to 0.49] 

0.25* [0.01 

to 0.49] 

0.27* [0.04 

to 0.51] 

0.30* [0.07 

to 0.54] 

0.15 [-0.08 to 

0.38] 

0.31** [0.08 

to 0.53] 

Age (years) 
0.92*** 

[0.72 to 1.11] 

0.94*** 

[0.74 to 1.13] 

0.94*** 

[0.75 to 1.14] 

0.96*** 

[0.77 to 1.16] 

1.02*** 

[0.83 to 1.21] 

1.15*** 

[0.96 to 1.34] 

Age 

(years)*ln[age

(years)] 

-0.19*** [-

0.23 to -0.15] 

-0.19*** [-

0.24 to -0.15] 

-0.19*** [-

0.24 to -0.15] 

-0.20*** [-

0.24 to -0.16] 

-0.21*** [-

0.25 to -0.17] 

-0.24*** [-

0.28 to -0.20] 

Alcohol use 

disorder 

0.90*** 

[0.62 to 1.18] 

0.95*** 

[0.67 to 1.22] 
— — — — 

Substance use 

disorder 

0.46* [0.09 

to 0.84] 
— — — — — 

≥ 1 access for 

trauma 

0.49*** 

[0.23 to 0.76] 

0.50*** 

[0.24 to 0.77] 

0.58*** 

[0.33 to 0.84] 
— — 

0.78*** 

[0.54 to 1.03] 

Mental or 

behavioral 

disorder 

0.62*** 

[0.36 to 0.88] 

0.67*** 

[0.41 to 0.92] 

0.86*** 

[0.62 to 1.11] 

0.96*** 

[0.72 to 1.21] 
— — 

Homeless 
1.55*** 

[1.26 to 1.84] 

1.57*** 

[1.28 to 1.85] 

1.66*** 

[1.38 to 1.94] 

1.69*** 

[1.41 to 1.97] 

1.63*** 

[1.35 to 1.90] 
— 

Intercept 

-10.54*** [-

10.65 to -

10.44] 

-10.66*** [-

10.76 to -

10.55] 

-10.85*** [-

10.95 to -

10.74] 

-10.99*** [-

11.09 to -

10.88] 

-11.30*** [-

11.41 to -

11.20] 

-12.38*** [-

12.48 to -

12.28] 

Brier-scaled 

(%) 
18.4 18.5 17.0 16.7 14.8 10.7 

C-statistic 
0.813 [0.794 

to 0.835] 

0.811 [0.792 

to 0.832] 

0.799 [0.778 

to 0.821] 

0.793 [0.773 

to 0.815] 

0.775 [0.754 

to 0.797] 

0.753 [0.731 

to 0.775] 
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E:O ratio 
0.999 [0.936 

to 1.064] 

0.999 [0.936 

to 1.064] 

0.999 [0.936 

to 1.070] 

0.999 [0.930 

to 1.070] 

0.999 [0.930 

to 1.070] 

1.000 [0.930 

to 1.064] 

CITL 
0.000 [-0.102 

to 0.100] 

0.000 [-0.100 

to 0.100] 

0.000 [-0.099 

to 0.099] 

0.000 [-0.100 

to 0.099] 

0.000 [-0.098 

to 0.097] 

-0.001 [-

0.088 to 

0.094] 

Calibration 

slope 

0.979 [0.894 

to 1.077] 

0.982 [0.896 

to 1.081] 

0.985 [0.893 

to 1.088] 

0.988 [0.892 

to 1.093] 

0.988 [0.890 

to 1.106] 

0.988 [0.873 

to 1.125] 
* p<0.05, ** p<0.01, *** p<0.001 
The values are logistic regression coefficients (from male sex to intercept) or performance metrics (from Brier-scaled to 
calibration slope) with a 95% confidence interval in brackets. The values were adjusted for optimism by bootstrapping 1000 
samples without replacement. 
Abbreviations: ln = natural logarithm; E:O ratio = expected vs. observed ratio; CITL = calibration in the large. 

 

 

Figure 11 depicts the corresponding calibration plots. 
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Fig. 11 – Calibration plots of the multivariable logistic regression model the for the prediction of the probability 

of 1-year readmission for acute alcohol intoxication. 
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The performance of all models greatly exceeded our expectations. The benchmark model M1 

and the reduced model M2, which excluded SUD from the predictors, were virtually identical 

as detected by discrimination, calibration, and model fit statistics. Interestingly, removing AUD 

from model M2 to get model M3, which is based on more easily available predictors, made the 

prediction only slightly worse, with a scaled Brier score changing from 18.5 to 17%. For 

models M4 to M6, which were devised with the aim of evaluating the separate contribution of 

the more readily available predictors, the loss of performance versus model M2 was more 

evident, with a scaler Bier score changing from 18.5% to 16.7% and 14.8% respectively. Lastly, 

the probability of 1-year readmission was not accurately predicted by age and sex alone (Model 

M6, scaled Brier score 10.7%). 

 

7.3 Discussion 

The aim of the present study was to develop and internally validate a multivariable model for 

the prediction of the probability of 1-year readmission to ED for AAI. 

The prespecified benchmark model (Model M1 of Table 9), which included sex, age, AUD, 

SUD, at least one previous admission for trauma, mental or behavioral disease, and 

homelessness, demonstrated both good discrimination and calibration according to current 

standards. It is useful to remember that calibration is central for a diagnostic model to be 

properly employed in clinical practice and that it plays a more important role than 

discrimination. Importantly, a simplified model excluding AUD and SUD from the predictors 

(Model M3 of Table 9), performed only slightly worse and is certainly acceptable for practical 

usage. Model M3, which we developed based on the results of a previous study performed on 

a much lower number of events and patients, is the one that we suggest to externally validate 

for clinical application. The corresponding equation is reported in Table 10  with a worked-out 

example. 

 

Table 10 – Prediction equation (Model M3 of Table 9) 

  A. Calculate the linear predictor model (LP) LP = 0.27*male + 0.94*age_term1 - 

0.19*age_term2 + 0.58*trauma + 0.86*mental + 

1.66*homeless - 10.85 

 

where  

 

male = 1 if male sex, 0 otherwise; 
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age_term_1 = age(years); 

age_term_2 = age(years)*ln(age(years)) where 

ln = natural logarithm; 

trauma = 1 if previous access for trauma, 0 

otherwise; 

mental = 1 if mental or behavioral disorder, 0 

otherwise; 

homeless = 1 if homeless, 0 otherwise. 

B. Calculate the probability of 1-year readmission 

from the linear predictor 

Probability = eLP / 1 + eLP
 

 

where 

 

e is the base of natural logarithms 

 

The probability ranges from 0 to 1. If you wish to 

have it on a percentage scale, multiply it by 100. 

C. Example What is the probability of 1-year readmission for 

acute  alcoholic intoxication for an homeless man 

aged 38 years without previous access for trauma 

and without mental disease? 

 

male = 1; 

age_term_1 = 38; 

age_term_2 = 38*ln(38) = 138; 

homeless = 1; 

trauma = 0; 

mental = 0. 

LP = 0.27*1 + 0.94*38 - 0.19*138 + 0.58*0 + 

0.86*0 + 1.66*1 - 10.85 = 0.58 

Probability = e
0.58

 / 1 + e
0.58 

= 0.64 

D. Note You can get the equations for the other models of 

Table 9 by using the above procedure. 

 

  

This study has several limitations. A limitation is that this study was performed at a single ED 

and evaluated the probability of 1-year readmission for AAI at the same ED. We had in fact not 

the possibility of checking whether other admissions for AAI were performed at EDs other than 

ours. More importantly, we wanted to be sure that AAI was operationally defined according to 

the criteria listed under Section 2.2. This, however, implies that we might be underestimating 

the true probability of AAI. Another limitation, already discussed in study I, is that there may 

be instances where the ICD codes were improperly applied, leading to an incorrect 
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classification of the outcome and some predictors. Given that we have not performed an 

internal validation of the ICD coding system in this cohort, the proportion of such 

misclassification remains unknown. Another limitation is that a patient may have had an AUD 

or SUD when they were admitted to the ED, but this was not yet known or recorded in the ED 

electronic registry. It is therefore possible that Models M1, M2 and M3 (Table 9) might be 

actually built on an underestimated prevalence of AUD or SUD. Another limitation is that, 

although our internal validation was done according to current standards and gave satisfactory 

results (Table 9), we did not perform an external validation. An external validation of any 

diagnostic or prognostic model is however essential because it is the first step to determine its 

clinical utility. Our case-mix of patients together with how healthcare is provided under the 

Italian National Health System is likely to prevent the generalizability of our prediction model 

to other countries. However, we expect that it will work in similar contexts. Importantly, the 

external validation of our model is not expected to be onerous because it uses commonly 

collected data to make the prediction. 

The model that we propose for external validation uses sex, age, at least one previous admission 

for trauma, mental or behavioral disease, and homelessness as predictors. In the present study, 

sex and age were independent predictors of AAI. We were not surprised to find at least one 

previous admission for trauma among the predictors of AAI because of the substantial evidence 

base linking trauma recidivism to alcohol abuse, as discuss in the overall introduction. The 

same holds true for the strong linkage between alcohol consumption and psychological and 

behavioral disorders [81]. Lastly, there is ample literature showing that homelessness is a risk 

factor for alcohol abuse. 

In conclusion, a multivariable prediction model could be used to estimate the probability of 1-

year readmission to ED for AAI based on sex, age, at least one previous admission for trauma, 

mental or behavioral disease, and homelessness. This model should be externally validated to 

prove its clinical usefulness. More than the model equation, which may require recalibration, 

evidence that readily available predictors such as at least one previous admission for trauma, 

mental or behavioral disease, or homelessness are independent predictors of the probability of 

a 1-year readmission should be looked at more closely. Provided that our model is proven to 

be useful by external validation, it should be evaluated in a randomized controlled trial to see 

if the calculation of the probability of readmission for AAI at 1-year has practical consequences 

for AAI patients, such as a sooner approach to specialized care. 
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8. STUDY III 

 

8.1 Specific aim 

Evidence on the use of wearable sensors is available in people with dementia, centered on sleep 

quality analysis, behavioral and psychological disorders, and physical activity [109–112]. Even 

though it is known that the health and well-being outcomes of people with dementia are 

connected with those of their caregivers, the evidence of wearable sensor use specifically in 

the caregivers of people with dementia has received less attention [112,113]. Therefore, this 

scoping review aims to provide a systematic map of the published evidence regarding the use 

of wearable sensors in caregivers of people with dementia.  

The review was designed to answer the following questions: 

• What is the available evidence regarding the use of wearable sensors by caregivers of people 

with dementia?  

• Which sensor technologies (e.g., inertial measurement units, photoplethysmography), sensor 

locations (e.g., wrist, belt), sensed variables (e.g., acceleration, heart rate), and sensor 

regulatory features (e.g., medical device category) have been included in published reports on 

caregivers of people with dementia? 

• What is the feasibility, usability, and acceptability of wearable sensors as assessed by 

caregivers of people with dementia?  

• How does information on caregivers of people with dementia, measured with wearable 

sensors, affect caregiver quality of life, anxiety, depression, burden of care, stress, or any other 

outcomes related to caregiver health and well-being? 

• What evidence is available about how information obtained with wearable sensors on 

caregivers of people with dementia impacts their care receivers? 

 

8.2 Materials and methods 

The study protocol for this review was developed according to the PRISMA-ScR guidelines 

[114]. Although designed for systematic reviews, the PRISMA-P guidelines were also applied 
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to this scoping review [115]. The study protocol was deposited on the Open Science Foundation 

website (https://doi.org/10.17605/OSF.IO/M72E4). 

 In April 2024, systematic electronic searches were conducted in the following databases: 

• MEDLINE and PubMed Central (PMC), searched through PubMed; 

• SCOPUS; 

• Web of Science, searched through Clarivate Analytics; 

• PsycInfo, searched through EBSCOHost; 

• IEEE. 

The selection of search terms and the construction of search queries were accomplished through 

collaborative efforts between members of the working group and an experienced librarian. The 

review included papers focusing on the use of wearable sensors by caregivers of people with 

dementia. Wearable sensors are devices that measure the physical signals of the human body 

for a given amount of time [116]. Both formal and informal caregivers and all stages and types 

of dementia were considered. We checked papers written in English, German, French, and 

Italian. Conference abstracts, conference proceedings (except those published in the IEEE 

database), non-peer-reviewed articles, dissertations, theses, books, research protocols, letters, 

and editorials were not considered relevant to our aim. After removing duplicates, each paper 

was screened independently by two reviewers using Rayyan software [117]. The papers judged 

to meet the screening inclusion criteria by at least one reviewer were evaluated by two 

independent reviewers based on their full text. The selection of the papers to be included in the 

review was made by consensus between the two reviewers involved in the selection process 

and after discussion with the entire research team. 

 

8.3 Results 

8.3.1 Search results 

The study selection process is summarized in Figure 12. 
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Fig. 12 – PRISMA flow diagram of the study selection process 

We identified 1394 papers from the online databases; we short-listed 69 papers after screening 

and selected 37 papers after full-text evaluation. 

 

8.3.2 Characteristics of the included studies 

The characteristics of the studies selected for inclusion are described in Table 11. 

Records identified from 
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(n=1394)

Duplicate records removed  (n=597)

Id
en
tif
ic
at
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n

Reports excluded:

• Wrong exposure (n= 19)

• Wrong population (n= 8)

• Wrong study design (n= 3)
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evaluation
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Reports included in the 
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(n=37)In
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ed

Reports assessed for 
titles/abstracts evaluation
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Figure 1. PRISMA flow diagram of the study selection process.
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Table 11 – Main characteristics of the selected studies on wearable sensors for caregivers of people with 

dementia. 

Authors 
Study 
design 

Caregivers 
 

Care-receiver 

N 
Mean Age 
(SD) 

% 
female 

Type of 
caregiver 

 Mean Age 
(SD) 

% 
female 

Type of 
dementia 

Pollak & 

Stokes, 1997 
CS 

 

25 

 

67.3 (10.2) 24 I 

 

80.7 (7.9) 52 

AD 

VD 

UD 

Akkerman & 

Ostwald, 

2004  

RCT 5 – – I 

 

– – AD 

Ancoli-Israel 

et al., 2005 
RCT 63 

GLM: 67.7 (15.9) 

DPZ: 69.4 (11.4) 

52 

53 
I 

 
76.5 (7.7) 

77.8 (6.2) 

68 

56 
AD 

McCurry et 

al., 2005 
RCT 36 

IG: 62.8 (15.3) 

CG: 63.7 (16.7) 

76 

68 
I 

 77.8 (8.1)  

77.6 (6.7) 

41 

47 
AD 

Lee et al., 

2007 
PCS 39 67.4 67 I 

 
76.5 33 

AD 

UD 

McCurry et 

al., 2008 
CS 44 64.6 (15.2) 67 I  78.8 (7.2) 50 AD 

Rowe et al., 

2008 
CS 31 70.7 (7.8) 74 I 

 
– – – 

Beaudreau et 

al., 2008 
CS 60 64.8 (12.5) 100 I 

 
81.2 (7.2) – – 

Merrilees et 

al., 2009 
CR 

 

1 

 

53 100 I 

 

58 0 FTD 

Simpson & 

Carter, 2010 
Non-RCT 10 63 (14.85) 50 I 

 
– – – 

Higgins et 

al., 2010 
MCS 1 73 100 I 

 
80 0 VD 

Rowe et al., 

2010 
RCT 49 

IG: 61.52 (13.53) 

CG: 62.81 (10.50) 

74 

88 
I 

 

80 (8.58) 53 

AD 

LBD 

UD 
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 Marquez et 

al., 2012 
CS 24 68.6 (9.1) 75 I 

 
– – 

AD 

UD 

Merrilees et 

al., 2013 
CS 22 

bvFTD: 59.9 (9.1) 

svFTD: 63 (10.8) 
64 I 

 bvFTD: 61.5 

(5.9) 

svFTD: 66.2 

(8.9) 

36 FTD 

Schwartz et 

al., 2013 
CS 126 74.16 (7.98) 71 I 

 

– – AD 

Merrilees et 

al., 2014 
CS 22 

bvFTD: 59.9 (9.1) 

svFTD: 63 (10.8) 
64 I 

 bvFTD: 61.5 

(5.9) 

svFTD: 66.2 

(8.9) 

36 FTD 

von Känel et 

al., 2014 
LS 126 74.16 (7.98) 71 I 

 
– – AD 

D’Aoust et 

al., 2015 
CS 53 63.15 (12) 81 I 

 
– – – 

Sakurai et al., 

2015 
CS 20 60 80 I 

 
– – – 

Figueiro et 

al., 2015) 
CS 34 71.8 (12.3) 79 I 

 
80.8 (7.9) 26 AD 

McCrae et 

al., 2016) 
CS 55 62.8 (12.21) 78 I 

 
– – – 

 Fowler et 

al., 2016 
RCT 28 

IG: 60 (12.77) 

CG: 67 (12.2) 

27 

69 
I 

 85 (9.71) 

78 (8.64) 
– – 

Smagula et 

al., 2017 
CS 57 74 (7.4) 77 I 

 
– – 

AD 

UD 

Peng et al., 

2019 
CS 43 65.40 (9.84) 93 I 

 

77.40 (9.02) 30 

AD 

VD 

UD 

Gibson & 

Gander, 2019 

 

CS 
15 72 87 

 

I 

 

80 – 

AD 

VD 

LBD 

UD 

Sadeghi et 

al., 2019 
CS 8 – 75 I 

 
– – – 

Kajiwara et 

al., 2019 
CS 9 65 (8.9) 44 I 

 

83.1 (11.5) 67 

AD 

LBD 

UD 
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Lai Kwan et 

al., 2019 
CS 3 – 67 I 

 
– 100 – 

Sakurai & 

Kohno, 2020 
CS 10 65.05 (9.7) 60 I 

 
83.2 (11.8) 40 – 

Chang et al., 

2020 
CS 43 65.40 (9.84) 93 I 

 
– – – 

Carpenter et 

al., 2020 
CS 14 59.4 (6.9) 100 I 

 
– – AD 

Song et al., 

2022 
CS 122 74.31 (8) 70 I 

 

– – AD 

Chen et al., 

2022 
CS 22 65.4 (8.9) 32 I 

 
61.7 (14.2) 68 

AD 

UD 

Smagula et 

al., 2023 
CS 56 71 (6.7) 68 – 

 
– – – 

de Dios-

Rodríguez et 

al., 2023 

RCT 176* 
IG: 59 (–) 

CG: 69 (–) 

76 

67 
I 

  

81.5 (–) 

82 (–) 

69 

59 
– 

 Farina et al., 

2024 
CS 26 76.4 (5.9) 73 I 

 
79.8 (5.8) 38 – 

Song et al., 

2024 
RCT 30 67 (10.9) 93 I 

 

82.9 (9.4) 37 

AD 

VD 

LBD 

UD 

Abbreviations: I: informal caregivers; AD: Alzheimer's disease; VD: vascular dementia; FTD: 

frontotemporal dementia; bv: behavioral variant; sv: semantic variant; LBD: Lewy body dementia; UD: 

dementia of unknown cause; RCT: randomized controlled trial; CS: cross-sectional study; L: longitudinal 

study; PCS: prospective case series; MCS: methodological case study; CR: case report; IG: intervention 

group; CG: control group; GLM: galantamine; DPZ: donepezil; SD: standard deviation. 

– not specified 

* study in which the numbers of caregivers (176) and care-receivers (140) were different 

 

Except for the work of Pollak & Stokes [118], published in 1997, the included studies were 

published between 2004 and 2024 and had different study designs. All studies involved 

informal caregivers, except for one study where the type of caregivers was not specified [119], 

with a predominantly female population. Care-receivers in most studies (19/37) were 

individuals with Alzheimer's disease or dementia of unknown cause. 
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8.3.3 Caregiver outcome measures 

The most evaluated caregiver outcomes were sleep quality and quantity (28/37), followed by 

physical activity (12/37). Metrics of autonomic nervous system (ANS) activity, i.e., heart rate 

variability and electrodermal activity, were the focus of 5 studies. Eight studies focused on 

sleep combined with either physical activity evaluation (5/37) or ANS metrics (3/37). The 

results are summarized in Figure 13. 

 

 

Fig. 13 – Objective outcomes (A) and variables (B) measured with wearable sensors in caregivers of 

people with dementia in the selected studies. 

A

Physical activity
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Heart rate variability
Heart rate
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8.3.4 Sleep quality and quantity 

Sleep quality and quantity were evaluated based on different outcome measures, such as sleep 

duration (22 studies), sleep efficiency (21 studies), sleep latency (11 studies), and sleep 

fragmentation (22 studies). These studies had variable aims, such as comparing people with 

dementia with their caregivers (4 studies), comparing caregivers with a non-caregiver control 

group (3 studies), and evaluating the effectiveness of interventions (8 studies).     

The results of the studies that compared caregivers with non-caregivers were controversial. 

Rowe et al. found that caregivers had longer sleep latency, lower sleep duration and efficiency, 

and greater night-to-night sleep variability than non-caregivers [120]. In contrast, no significant 

differences were observed between caregivers and non-caregivers in other studies [121,122]. 

However, according to self-reported questionnaires on sleep quality and quantity, caregivers 

presented significantly worse sleep than non-caregivers [121,122]. 

The results of the studies assessing people with dementia and their caregivers highlighted poor 

sleep quality of both members of the caregiving dyad [123–126]. It is noteworthy to mention 

the finding of McCurry 2008 et al., wherein the adverse sleep outcome measures in one member 

of the caregiving dyad were not directly correlated with the evidence of sleep disruption in the 

other member [127]. 

Eight studies examined the efficacy of various interventions to enhance the sleep quality of 

caregivers. According to Akkerman & Ostwald, a cognitive-behavioral intervention for 

caregivers improved sleep duration and fragmentation [128]. Figueiro et al. showed that 

lighting improved caregivers' sleep duration and efficiency in winter compared to summer 

[129]. McCurry et al. found that a comprehensive sleep education program significantly 

improved sleep duration and fragmentation of caregivers [123]. No other intervention enhanced 

the sleep outcome measures in the other selected studies. 

Two studies assessed the impact of respite care, which is temporary institutional care provided 

to people with dementia to alleviate the burden of their usual caregivers, on the sleep quality 

of caregivers [130,131]. Lee et al. conducted a sleep analysis before, during, and after two 

weeks of institutional respite care, evaluating sleep differences between caregivers who shared 

or did not share the bedroom with the care receiver. The sleep analysis revealed that non-sharer 

caregivers demonstrated the greatest improvement in sleep duration during respite, while sharer 

caregivers did not increase sleep duration [130]. In a study by Sakurai & Kohno, there was no 
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significant improvement in sleep outcome measures after one night of "short-stay services" 

respite care [131]. 

 

8.3.5 Physical activity 

The caregivers' physical activity and rest-activity rhythm were evaluated in 12 studies based 

on different outcome measures, including activity counts, duration of the rest interval, number 

and duration of immobility bouts, intra-day variability, and inter-day stability of the rest-

activity rhythm. The main objectives were to compare either people with dementia with 

caregivers or caregivers with non-caregivers and to evaluate the effectiveness of different 

interventions. 

Similar rest-activity patterns [118] and similar levels of physical activity [132] were reported 

between caregivers and non-caregivers. According to Marquez et al., caregivers and non-

caregivers only differed in the duration of light-intensity activity in the early morning, with 

caregivers appearing to be less active [132]. 

The included studies showed that caregivers were more active than people with dementia and 

that there was a positive association of physical activity within the dyad [118,133–135].  

Two studies investigated the effectiveness of different interventions to improve physical 

activity and the rest-activity rhythm of caregivers but found no significant results [129,136]. 

Lastly, Merrilees et al. conducted a two-year monitoring of a caregiver, revealing a progressive 

decrease in activity counts, an increase in the duration of the rest interval, an increase in the 

number and duration of inactivity bouts, and a decrease in inter-day stability [133]. 

 

8.3.6 Autonomic nervous system activity 

Five studies focused on evaluating the autonomic nervous system in caregivers, assessing heart 

rate, heart rate variability, electrodermal activity, and skin temperature. 

Kajiwara et al. showed a significant increase in heart rate after vs. before caregiving [137]. Lai 

Kwan et al. evaluated an intelligent assistive technology for significant-moment detection (i.e., 

moments of significant interpersonal connection) based on heart rate variability, electrodermal 

activity, and skin temperature, in contrast to conventional subjective reports [138]. The 

intelligent assistive technology identified distinct and personal characteristics of physiological 
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reactivity in each participant, demonstrating that personalized algorithms can identify 

meaningful moments experienced by both dyad members with good agreement with subjective 

reports [138]. 

According to the research conducted by Sakurai et al., caregivers demonstrated a significantly 

higher level of sympathetic nervous system activity during sleep in comparison to non-

caregivers despite the absence of any objective distinctions in the sleep measures [131]. 

However, this conclusion was based on higher values of the LF/HF index of heart rate 

variability, a disputed indirect index of cardiac sympathetic activity [139]. In a subsequent 

study by the same author, the LF/HF index was found to be significantly lower in caregivers 

on respite days than on caregiving days, but only during the first half of the sleep period [121]. 

 

8.3.7 Subjective outcome measures 

A total of 15 studies assessed the potential correlation between objective measurements 

obtained through wearable sensors and subjective outcome measures related to the health and 

well-being of caregivers and people with dementia, including depression, anxiety, quality of 

life, and burden of care (Table 12). 

 

Table 12 – Outcomes measured in the 15 studies assessed the potential correlation between objective 

measurements obtained through wearable sensors and subjective outcome measures related to the health 

and well-being of caregivers and people with dementia. 

Authors Study objectives 

Caregiver 
People with 
dementia 

Objective outcomes 
measured with 
Wearable sensors 

Subjective 
outcomes 

Subjective 
outcomes 

Outcomes Variables  Outcomes Tools Outcomes Tools 

McCurry et 

al. (2005)
 

Evaluating whether a sleep 

education program could 

improve sleep in people with 

dementia and their 

caregivers. 

Sleep SF, SE, SD  – – 

Cognitive 

functioning. 

Depression 

MMSE 

CSDD 
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McCurry et 

al. (2008)
 

Measuring the day–to–day 

variation in sleep 

characteristics and the 

concordance between 

nighttime sleep of people 

with dementia and their 

family caregivers. 

 Sleep SF, SE, SD  

Depression 

Health 

status 

Other 

CES–D 

SF–36 

DMSS 

Cognitive 

functioning 

Depression 

MMSE 

CSDD 

Beaudreau et 

al. (2008)
 

Measuring whether distress 

and disease burden were 

associated with objective 

measures of sleep disturbance 

in caregivers. 

Sleep 

SF, SE, SL, 

SD 

 

Depression 

Health 

status 

BDI 

1 item 

from 

MOS 

short-

form 

general 

health 

survey 

 

 

Cognitive 

functioning 

Nighttime 

behavior 

MMSE 

1 item 

from 

RMBPC 

Merrilees et 

al. (2013)
 

Measuring daytime activity in 

people with dementia and 

their caregivers. 

PA AC, IB  – – Apathy NPI 

von Känel et 

al. (2014) 

Measuring the relationship 

between positive affect and 

sleep in caregivers. 

Sleep SF, SE, SD  Affect 

PANA

S 

BPSD RMBPC 

D'Aoust et 

al. (2015)  

In caregiver of people with 

dementia, measuring a set of 

factors that are modifiable 

and associated with high 

levels of depression in other 

population and determining 

whether these factors are 

predictive of depression after 

controlling for non–

modifiable, demographic, and 

clinical factors. 

Sleep 

SF, SE, SL, 

SD 

 

Depression 

Burden 

Affect 

CES–D 

ZBI 

PANA

S 

– – 
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Sakurai et al. 

(2015) 

Measuring autonomic 

nervous system activity and 

quality of sleep in caregivers 

and non-caregivers. 

Sleep 

ANS 

SF, SE, SL, 

SD 

HRV 

 Stress 

Visual 

analog 

scale 

BPSD DBDS 

McCrae et 

al. (2016) 

Measuring sleep and affect 

association in caregivers 

Sleep SF  Affect 

PANA

S 

– – 

Smagula et 

al. (2017) 

Measuring the associations of 

sleep with non–sleep 

depression symptom severity 

among strained caregivers 

who were currently without 

clinical depression. 

Sleep 

SF 

SD 

 Depression HRSD – – 

Peng et al. 

(2019) 

Measuring factors associated 

with caregivers’ sleep. 

Sleep 

 

SF, SE, SL, 

SD 

 

 

Sleep 

Depression 

Burden 

Health 

status 

SHI 

CES-D 

CBI 

CIRS 

Sleep SDI 

Kajiwara et 

al. (2019) 

Measuring the relationship 

between caregiver burden and 

caregiver pulse rate. 

 

ANS HR  Burden ZBI – – 

Chang et al. 

(2020) 

Measuring factors associated 

with fatigue among 

caregivers of people with 

dementia. 

Sleep 

SF, SE, SL, 

SD 

 Fatigue VAS–F – – 

Song et al. 

(2022) 

Measuring the discrepancy 

between self–reported and 

objective SD, considering the 

role of caregiving status 

(caregivers vs non-

caregivers). 

Sleep SD  

Depression 

Affect 

CES–D 

PANA

S 

– – 
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Chen et al. 

(2022) 

Measuring how linkage in 

couples’ daily somatic 

activity (e.g., synchronized 

movement measured from 

wrist sensors) was associated 

with relationship quality and 

mental health in caregivers 

and people with dementia. 

PA AC, RI  

Anxiety 

Depression 

Relationshi

p quality 

BAI 

CES-D 

MAT 

– – 

Smagula et 

al. (2023) 

Measuring how levels of PA 

throughout the day differed in 

caregivers with and without 

depression symptoms and 

testing whether such 

differences predicted changes 

in symptoms 6 months later. 

Sleep 

PA 

SF 

AC, RI 

 Depression 

PHQ–9 

CES–D 

– – 

Abbreviations: PA: physical activity; AC: activity counts; IB: immobility bouts; RI: rest interval; SF: sleep fragmentation; 
SE: sleep efficiency; SL: sleep latency; SD: sleep duration; LPA: light physical activity counts; MVPA: moderate to vigorous 
physical activity counts; HRV: heart rate variability; HR: heart rate; EDA: electrodermal activity; IS: inter-day stability; IV: 
inter-day variability; ANS: autonomic nervous system; BPSD: Behaviour and Psychological Symptoms of Dementia scale; 
NPI: Neuropsychiatric Inventory; BAI: Beck Anxiety Inventory; CES–D: Center for Epidemiological Studies Depression 
scale; HRSD: Hamilton Rating Scale for Depression MMSE: Mini Mental State Examination RMBPC: Revised Memory and 
Behavior Problem Checklist; CIRS: Cumulative Illness Rating Scale; PANAS: Positive and Negative Affect Schedule; ESS: 
Epworth Sleepiness Scale; VAS–F: Visual Analog Scale for Fatigue; PSQI: Pittsburgh Sleep Quality Index; CSDD: Cornell 
Scale for Depression in Dementia; SF–36: SF–36 Health Survey; DMSS: Dementia Management Strategies Scale; BDI: Beck 
Depression Inventory; MAT: Marital Adjustment Test; MOS: Medical Outcomes Study; CBI: Caregiver Burden Inventory; 
SDI: Sleep Disorder Inventory; SHI: Sleep Hygiene Index. 
– not defined 
 

 

Depressive symptoms among caregivers were associated with lower SE [140,141], greater SF 

[119,142], and longer SL [141]. In contrast, no significant correlation was found between 

objective sleep measures and depression in the study by D'Aoust et al. Moreover, longer SL 

was associated with a more significant burden of care and fatigue perceived by caregivers 

[141,143], and lower SE was associated with a more significant burden of care and poorer self-

rated health status [141,143]. No significant correlation was reported between caregivers' 

objective sleep measures and positive or negative affect measures . Lastly, Chen et al. related 

caregivers' anxiety with the physical activity of the dyad, reporting that a lower in-phase 

physical activity linkage between caregivers and non-caregivers was associated with greater 

caregiver anxiety. 

 

8.3.8 Feasibility and acceptability of wearable sensors 
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Only two studies have provided information regarding the acceptability of wearable sensors, 

and they have yielded a satisfactory acceptance rate among caregivers [125,144]. It is worth 

mentioning that these studies are quite old, and that the form factor and usability of wearable 

sensors largely increased since then.  

Figure 14 shows information on the wearable sensors used in the selected studies, i.e., the type 

of sensors, the actigraphy devices used, the sensor placement locations, and the length of the 

recordings.  
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Fig. 14– Information on the wearable sensors used in the selected studies on caregivers of people with 

dementia, i.e. the type of sensors (A), the actigraphy devices used in the studies (B), the sensor placement 

locations (C), and the length of the recordings (D). 

 

In Table 13 are summarized the information on the wearable sensors used in the selected 

studies. A single device was used in 34 studies, with the wrist being the most common sensor 

placement location (33 studies), in particular at the non-dominant wrist (16 studies). Caregivers 

were monitored for one or more weeks in 27 studies, particularly for one week in 18 studies, 9 

days in one study, two weeks in 6 studies, and more than two weeks in two studies. Among the 

most used actigraphy devices, the Actiwatch (Philips Respironics, Murrysville, PA, USA) was 
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selected in 15 studies, while the Micro-Mini Motionlogger watch (Ambulatory Monitoring 

Inc., Ardsley, NY, USA) was selected in 7 studies. 

 

Table 13 – Information on the wearable sensors used in the selected studies. 

Authors Year Type of sensors Device* Site 
Duration of 
the recording 

Pollak & 

Stokes 
1997 Accelerometer 

Micro-Mini Motionlogger 

(Ambulatory Monitoring Inc., 

Ardsley, NY, USA) 

Wrist (non-

dominant) 
9 days 

Akkerman 

& 

Ostwald 

2004 – – Wrist (–) 48 hours 

Ancoli-

Israel et 

al. 

2005 Accelerometer 

Actiwatch 

(Mini Mitter Co, Inc; Bend, OR, 

USA) 

Wrist (–) 7 days# 

McCurry 

et al. 
2005 Accelerometer 

Actillume 

(Ambulatory Monitoring, Inc., 

Ard- 

sley, NY, USA) 

Wrist (–) 7 days# 

Lee et al. 2007 Accelerometer 

Actiwatch 

(Mini Mitter Co, Inc; Bend, OR, 

USA) 

Wrist (–) 6 weeks 

McCurry 

et al. 
2008 Accelerometer 

Actillume 

(Ambulatory Monitoring, Inc., 

Ard- 

sley, NY, USA) 

Wrist (–) 7 days 

Rowe et 

al. 
2008 Accelerometer 

Actiwatch 

(Mini Mitter Co, Inc; Bend, OR, 

USA) 

Wrist (non-

dominant) 
7 days 

Beaudreau 

et al. 
2008 Accelerometer 

Micro-Mini Motionlogger 

(Ambulatory Monitoring Inc., 

Ardsley, NY, USA) 

Wrist (non-

dominant) 
72 hours 

Merrilees 

et al. 
2009 Accelerometer 

Actiwatch 

(Mini Mitter Co, Inc; Bend, OR, 

USA) 

Wrist (non-

dominant) 
14 days# 
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Simpson 

& Carter 
2010 Accelerometer 

Micro-Mini Motionlogger 

(Ambulatory Monitoring Inc., 

Ardsley, NY, USA) 

Wrist (dominant) 72 hours# 

Higgins et 

al. 
2010 

• Accelerometer 

• Light sensor 

• Sleepwatch-L (Ambulatory 

Monitoring Inc., Ardsley, NY, 

USA) 

• Daysimeter (–) 

• Wrist (–) 

• Attached to a 

headband or 

glasses 

7 days 

Rowe et 

al. 
2010 

• Accelerometer 

• Light sensor 

ActiWatch L 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (–) 

 
7 days 

Marquez 

et al. 
2012 Accelerometer 

ActiGraph GT1M and 7164 

(Actigraph, Pensacola, FL, USA), 
Waistline 7 days 

Merrilees 

et al. 
2013 Accelerometer 

ActiWatch 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
7 days 

Schwartz 

et al. 
2013 Accelerometer 

ActiWatch L 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
72 hours 

Merrilees 

et al. 
2014 Accelerometer 

Sleep Watch 

(Ambulatory Monitoring, Inc., 

Ardsley, NY, USA) 

Wrist (non-

dominant) 
72 hours 

von Känel 

et al. 
2014 Accelerometer 

ActiWatch 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
14 days 

D'Aoust et 

al. 
2015 

• Accelerometer 

• Light sensor 

ActiWatch L 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (–) 7 days 

Sakurai et 

al. 
2015 

• Accelerometer 

• Heart rate 

monitor 

• Micro Motionlogger watch 

(Ambulatory Monitoring, Inc., 

Ardsley, NY, USA) 

• Activtracer AC301 

(GMS Inc., Tokyo, Japan) 

• Wrist (non-

dominant) 

• – 

24 hours 

Figueiro 

et al. 
2015 

• Accelerometer 

• Light sensor 

• Motionlogger watch 

(Ambulatory Monitoring, Inc., 

Ardsley, NY, USA) 

• Daysimeter (–) 

• Wrist (–) 

• Worn as a 

pendant at chest 

length 

7 days 
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McCrae et 

al. 
2016 

• Accelerometer 

• Light sensor 

ActiWatch L 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
7 days 

Fowler et 

al. 
2016 Accelerometer 

Sleeptracker 

(Innovative Sleep Solutions, 

Atlanta, GA, USA) 

Wrist (–) 14 days# 

Smagula 

et al. 
2017 Accelerometer 

ActiWatch 2 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
14 days 

Peng et al. 2019 Accelerometer 

ActiWatch 2 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
7 days 

Gibson & 

Gander 
2019 

• Accelerometer 

• Light sensor 

ActiWatch 2 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
7 days 

Sadeghi et 

al. 
2019 

• PPG sensor 

• Accelerometer 

• Infrared 

Thermopile 

• GSR sensor 

Empatica E4 

(Empatica inc., Cambridge, MA, 

USA) 

Wrist (–) 
14 days 

(nighttime) 

Kajiwara 

et al. 
2019 

• PPG sensor, 

• Accelerometer 

PS-500B 

(Seiko Epson Co. Ltd., Nagano, 

Japan) 

Wrist (–) 72 hours 

Lai Kwan 

et al. 
2019 

• PPG sensor 

• Infrared 

Thermopile 

• GSR sensor 

eVu-TPS 

(Thought Tech Ltd, Montreal, 

Canada) 

Finger 45 minutes# 

Sakurai & 

Kohno 
2020 

• Accelerometer 

• Heart rate 

sensor 

Micro Motionlogger watch 

(Ambulatory Monitoring, Inc., 

Ardsley, NY, USA) 

 

WHS-1 

(Union Tool Co., Tokyo, Japan) 

Wrist (–) 

 

Chest 

12 hours 

(nighttime) 

Chang et 

al. 
2020 Accelerometer 

ActiWatch 2 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (–) 7 days 
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Carpenter 

et al. 
2020 Accelerometer 

BodyMedia 

(Sensewear, Pittsburgh, PA, USA) 
Upper Arm 7 days 

Song et al. 2022 Accelerometer 

Sleep Watch 

(Ambulatory Monitoring, Inc., 

Ardsley, NY, USA) 

Wrist (non-

dominant) 
72 hours 

Chen et 

al. 
2022 

• Accelerometer 

• Light sensor 

ActiWatch 2 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
7 days 

Smagula 

et al. 
2023 Accelerometer 

Spectrum Plus 

(Philips Respironics, Murrysville, 

PA, USA) 

Wrist (non-

dominant) 
14 days 

de Dios-

Rodríguez 

et al. 

2023 Pedometer 

HJ-321 

(Omron Healthcare Inc., Lake 

Forest, IL, USA) 

– 7 days 

 

Farina et 

al. 

2024 Accelerometer 

GENEactiv 

(Activinsights Ltd., 

Cambridgeshire, UK) 

Wrist (–) 30 days 

Song et al. 2024 Accelerometer 

Micro Motionlogger watch 

(Ambulatory Monitoring, Inc., 

Ardsley, NY, USA) 

Wrist (–) 7 days 

Abbreviations: PPG: Photoplethysmography; GSR: Galvanic skin response. 
* some devices are multiple sensor systems; here are only the types of sensors used in the selected study. 
# studies in which multiple separate sessions of recording have been repeated over time according to the different study 
protocols. 
– not defined 

 

 

8.5 Discussion 

The application of wearable sensors to caregivers of people with dementia has never been 

directly assessed with a critical review of the published literature. Only two reviews in the 

scientific literature marginally address this topic [112,113]. Gao et al. published a systematic 

review with a meta-analysis of the sleep quantity and quality of caregivers of people with 

dementia [112]. However, most included studies assessed sleep using subjective measures, 

such as self-reported questionnaires, with only 9 studies focusing on outcomes derived from 

wearable sensors. More recently, Mattos et al. evaluated the relationship between care burden 
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and sleep quantity and quality in caregivers of people with dementia with a scoping review, but 

only 4 of the included studies evaluated outcomes measured with wearable sensors [113]. 

This scoping review provides the first comprehensive map of the published evidence on the 

use of wearable sensors in caregivers of people with dementia. We identified and selected 37 

reports, which largely exceeds the number of reports on wearable sensors discussed in previous 

reviews that marginally addressed this topic. Sleep measures were the most frequently 

evaluated outcomes (28/37). Eight reports assessed the effectiveness of different interventions 

targeting both caregivers and care receivers and found no improvement in caregivers' sleep; 3 

compared the sleep of caregivers of people with dementia with controls, with conflicting 

results; 5 focused on depressive symptoms; and 4 associated these symptoms with shorter sleep 

duration and greater sleep fragmentation and sleep latency. Physical activity was evaluated in 

12 reports, again with conflicting results. A single device was used in 34 reports, and sensors 

were most commonly placed at the wrist (33/37). Most studies monitored caregivers for one or 

more weeks (27/37). No studies were conducted on formal caregivers. 

For caregivers of people with dementia, the potential applications of wearable sensors remain 

incompletely explored, with significant gaps in our understanding due to limitations of the 

available evidence. It is still unclear whether information obtained with wearable sensors may 

help predict and prevent burnout and adverse health effects due to the care burden in caregivers 

of people with dementia and ameliorate the disease trajectory of their care-receivers. 

More studies are needed with specific study designs (caregivers vs. non-caregivers and pre- vs. 

post-interventions) and including formal caregivers. Specific research on the potential of multi-

wearable sensor systems, including > 1 sensor sites and ANS metrics, is warranted in caregivers 

of people with dementia. Finally, although the limited available evidence on the feasibility and 

acceptability of wearable sensors in this specific population is promising, it needs to be 

confirmed, and more diverse samples, including as a function of formal/informal caregiving, 

age, gender, and sensor location. 
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9. STUDY IV 

 

9.1 Specific aim 

Although there have been reports suggesting connections between gastrointestinal symptoms 

and sleep disorders, there remains limited understanding of how these two factors are 

interrelated with frailty, particularly in older adults. Additionally, the influence of age and 

gender on these associations has not been extensively studied, leaving important gaps in our 

knowledge regarding how these variables interact and potentially contribute to the development 

of frailty over time. 

The aim of this  specific analysis of the ongoing FRaiLty study was to obtain exploratory results 

on the associations between sleep symptoms and gastrointestinal in pre-frail and frail 

hospitalized middle aged and healthy older adults with low comorbidities and cognitive 

impairment. 

 

9.2 Materials and methods 

9.2.1 Study design and setting 

The ongoing prospective FRaiLty study enrolls adults acutely hospitalized at the Internal 

Medicine Hospital Units of the Ravenna District, Italy. The enrolment started in May 2023 

and will last up to December 2026. The study was approved by the Ethical Committee of the 

Emilia-Romagna Region (CEROM, number of approval 3124/2022). 

 

9.2.2 Participants to the FRaiLty study  

Patients are considered eligible for the study if admitted to the Internal Medicine Unit within 

48 hours the date of enrolment.  

The exclusion criteria of this ongoing study are age < 18 years and history of moderate/severe 

cognitive impairment. 

 

9.2.3 Variables and data sources 

Patients are evaluated twice, at the admission (t0) and discharge (t1). 
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At t0 the following data are collected:  

- demographic characteristics; 

- psychological and social assessment (e.g. marital status, education, presence/absence 

of caregiver, loneliness and social connection); 

- admission main diagnosis, coded in accordance with the ICD-10; 

- history of cognitive impairment; 

- drugs before admission, coded according to the first and second level of the Anatomical 

Therapeutic Chemical (ATC) classification; 

- chronic diseases, sorted into 60 chronic disease categories in accordance with a 

clinically driven methodology [145]; 

- comorbidity rating, by using the CIRS and Barthel index;  

- chronic organ failure prognostic scores, i.e. the Child-Pugh score for patients with 

cirrhosis, creatinine clearance for patients with renal failure, the New York Heart 

Association (NYHA) functional classification for patients with chronic heart failure, 

the Global Initiative for Obstructive Lung Disease (GOLD) classification for patients 

with Chronic obstructive pulmonary disease (COPD); 

- nutritional assessment using the Malnutrition Universal Screening Tool (MUST) 

Weight assessment at admission  

- dysphagia assessment using the EAT-10 questionnaire.  

- frailty assessment according to Fried phenotype score and to the Frailty Index. 

- muscle strength assessment at admission, using the hand-grip strength test (HGS). 

- sleep disorders assessment using the PSQI and ESS. 

- gastrointestinal symptoms assessment by using the GSRS.  

 

At t1 the study provides the evaluation of intercurrent clinical events, as well as reassessment 

of weight and HGS at discharge. 

Lastly, drugs are reassessed upon discharge, in order to obtain specific data on 

prescribing/deprescribing. 

 

9.2.4 Statistical analysis 

Baseline characteristics of participants were reported using numbers and percentages for 

categorical variables, and either mean and SD or median and IQR for continuous variables. To 

compare the characteristics by Fried frailty score (FFS), appropriate statistical tests such as the 
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Chi-square test for categorical variables and independent t-test for continuous variables were 

performed. The Spearman’s rho was used to determine associations. 

 

9.3 Results 

To the purpose of this analysis, 83 in-patients with available data on GSRS, ESS and PSQI 

were evaluated. To avoid statistical noise, we excluded the patients with a FFS=0 (6/83). The 

remaining 77 patients were categorized as pre-frail (FFS=1-2) or frail (FFS=3-5) and evaluated. 

The characteristics of the study population by Fried category are presented in Table 14. 

 

Table 14 – Descriptive characteristics of the study population by Fried Frailty score 

 
  Total pre-Frail Frail p-value 

 N=77 N=39 N=38  

Sex (female), n (%) 38 (49%) 16 (41%) 22 (58%)  0.14 

Age (years), mean (SD) 71.7 (13.4) 70.8 (11.9) 72.7 (14.9)  0.54 

Length of hospital stay (days), mean (SD) 8.6 (4.7) 7.4 (3.8) 9.8 (5.2)  0.023 

CIRS, mean (SD) 7.8 (5.0) 6.7 (4.3) 8.9 (5.6)  0.061 

MMSE, mean (SD) 27.8 (8.9) 27.6 (2.7) 28.0 (12.5)  0.85 

GDS, mean (SD) 9.1 (6.3) 7.7 (6.5) 10.4 (5.8)  0.057 

Impaired gait speed, n (%) 32 (42%) 10 (26%) 22 (58%)  0.004 

Impaired grip strength (kg), n (%) 30 (39%) 10 (26%) 20 (53%)  0.015 

Weight loss of at least 1 kg in the last 3 months, n (%) 31 (40%) 5 (13%) 26 (68%) <0.001 

Fatigue in the last three months, n (%) 61 (79%) 24 (62%) 37 (97%) <0.001 

Physical activity less than 2-3 times/month, n (%) 47 (61%) 14 (36%) 33 (87%) <0.001 

SARC-F, mean (SD) 3.3 (3.0) 1.9 (1.8) 4.7 (3.3) <0.001 

At least one fall in the last year 32 (42%) 14 (36%) 18 (47%)  0.31 

SD: standard deviation; CIRS: cumulative illness rating scale; MMSE: mini mental state examination; GDS: geriatric 
depression scale,; SARC-F: sarcopenia finding tool. 

 

The median values of GSRS, ESS, and PSQI according to the FFS are depicted in Figure 15. 
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Fig. 15 – Median values of GSRS, ESS, and PSQI according to the FFS 

 

The median values of the FFS in patients aged over and above 65 are depicted in Figure 16. 

 

Fig. 16 – Median values of the Fried frailty score in middle-aged individuals vs older adults. 

 

As concerns the specific aim of this preliminary analysis, i.e. the evaluation of any associations 

between gastrointestinal and sleep symptoms according to frailty, a significant positive 

correlations between FFS and PSQI (rho=0.244; p=0.034), and between GSRS and either PSQI 
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conducted dividing patients according to FFS (pre-frail vs. frail), age (under vs. above the 

median age), and gender. The positive correlation between PSQI and FFS was confirmed in 

frail patients (rho=0.441; p =0.006). Positive correlations between GSRS and PSQI were 

confirmed in pre-frail (rho=0.349; p=0.030), younger (rho=0.353; p=0.029), and female 

patients (rho=0.327; p=0.048). Positive correlations between GSRS and ESS were confirmed 

in pre-frail (rho=0.389; p=0.014), older (rho=0.417; p=0.009), and male (rho=0.419; p=0.008) 

patients. 

 

9.4 Discussion 

The aim of this specific analysis conducted on the ongoing FRaiLty study was to obtain 

exploratory results on the associations between frailty, sleep disorders, and gastrointestinal 

symptomps in hospitalized individuals. The study population consists of individuals with low 

burden of chronic diseases and with low degree of cognitive impairment. Nevertheless, the 

percentage of individuals that score zero to the FFS is very low (7%), with both pre-frail and 

frail status well represented in the sample. Interestingly, after dividing the sample in middle-

aged and older adults, the median values of the FFS did not differ a lot between the two groups. 

This finding confirm the necessity to assess the “hidden” frailty also in middle-aged healthy 

individuals. Altough the results did not reach the statistical significance, likely due to sample 

size, it is interesting that depressive symptoms and accidental falls occurred frequently in these 

healthy individuals. As concerns the relationship between gastrointestinal symptoms, sleep, 

and frailty, these preliminary results suggest different associations according to frailty degree, 

sex, and age among hospitalized older adults. However, these observations remain preliminary. 

As the FRaiLty study is still in progress and has not yet reached its full sample size, these initial 

trends must be interpreted with caution. More comprehensive data collection and detailed 

analyses are necessary to further investigate and potentially confirm these associations. A larger 

sample size will provide greater statistical power, ensuring that the relationships observed are 

robust and not due to chance. 
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10. STUDY V 

 

10.1 Specific aim 

The global population is rapidly aging, mainly due to the increasing life expectancy among 

older adults [146]. Although a longer life can be considered a valuable resource, the 

opportunities it offers depend significantly on how individuals age healthily. While physical 

function progressively declines with age [147], the heterogeneity in physical function 

trajectories can lead to widely varying patterns of aging, ranging from accelerated to successful 

aging [148,149]. Indeed, the World Health Organization (WHO) defined healthy aging as “the 

process of developing and maintaining the functional ability that enables wellbeing in older 

age” [146]. Functional ability, according to WHO, is primarily determined by the combination 

of both cognitive and physical functions  [146], two broad and complex dimensions closely 

and bidirectionally related [19,150,151]. Indeed, cognitive impairment has been shown to 

predict decline in physical function [152] and, viceversa, decline in physical function has been 

shown to be a relevant markers of prodromal dementia [153]. Although, the exact mechanisms 

underlying this bidirectional relationship have not yet been fully described, they have been 

partially attributed to specific brain networks, such as the prefronto-parietal and cingulate 

areas, that are commonly affected by diseases that accompany aging [151]. Moreover, it has 

been shown that physical function is the most valued by older people when it comes to 

preservation of functional ability. 

Objective measures of physical performance have widely shown higher sensitivity in detecting 

functional decline than the self-reported measures, e.g. the indexes for Activities of Daily 

Living (ADL). Several tests objectively assess physical performance, mainly involving the 

evaluation of two domains, i.e. mobility and strength [14]. Walking speed is a reliable measure 

of mobility, widely used not only in geriatric care settings, that has been associated with several 

clinical outcomes, e.g. hospitalizations, falls, and death [154,155]. The repeated chair stands 

test is considered a reliable tool to assess both mobility and strength limitation, as it can be also 

used as a proxy for strength of leg muscles [156,157]. Chair stands test has been identified as 

an independent predictor of survival in older adults [158]. 

Chronic diseases have shown to impact physical performance [159]. This is especially true in 

presence of multimorbidity, i.e. the co-occurrence of multiple chronic diseases within the same 

individual [18], whose prevalence is sharply increasing, mainly due to longer survival of 
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individuals with chronic conditions [160]. Yet, most of the previous evidence on how chronic 

diseases impact physical performance have focused on single diseases [159]. Multimorbidity 

can be defined in terms of chronic disease counts or clustering individuals by pattern of 

diseases, i.e. finding systematic associations amongst diseases based on expert criteria or 

statistical association [21]. This operational definition of multimorbidity is grounded on the 

principle that certain diseases share common risk factors and pathophysiological pathways, 

enabling the identification of groups of individuals who may benefit from targeted 

interventions, including strategies to prevent the decline of physical performance [145]. 

However, few studies have explored the long-term impact of multimorbidity patterns on 

physical performance [19,161]. Therefore, the aim of this project was to explore the association 

between different multimorbidity patterns and physical performance by examining their 

longitudinal trajectories over 15 years in a community-based cohort of older adults. 

 

10.2 Materials and methods 

10.2.1 Study population 

Data were gathered from the Swedish National study on Aging and Care in Kungsholmen 

(SNAC-K), an ongoing prospective study that involves adults aged 60 years or older, residing 

in the Kungsholmen district of Stockholm, Sweden. SNAC-K was approved by the Regional 

Ethical Review Board in Stockholm, and all participants or next of kin (for cognitively 

impaired individuals) provided written informed consent. The baseline (2001-2004) of the 

study involved 3363 individuals from 11 age cohorts (60, 66, 72, 78, 81, 84, 87, 90, 93, 96, 

99+ years), who were followed up every 6 years (< 78 years old) or 3 years (≥ 78 years old) 

(Figure 17). The present study included data from the baseline wave to the fifth follow-up 

wave, spanning from 2001 to 2019. From the initial cohort, we excluded individuals with 

clinical diagnosis of dementia at baseline (n = 241), resulting in an analytical sample of 3112. 

At each study wave, SNAC-K participants underwent a comprehensive clinical and functional 

assessment carried out by trained physicians, nurses, and neuropsychologists. Consistent 

protocols were followed across all study waves to ensure data collection uniformity. In cases 

of inability to attend the visit site, home visits were arranged. 
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Fig. 17 – Study design and population age structure of the SNAC-K study. The number in the box represents the 

specific age cohort, while the color reflects the number of follow-up examination for each age cohort. 

 

10.2.2 Assessment of physical performance 

In SNAC-K, physical performance was objectively assessed through an extensive physical 

performance battery, which included the walking speed test [155], and the chair stand test 

[162]. The walking speed test was timed as participants walked 6 meters (m), or 2.4 m for those 

who considered themselves slow walkers. Participants missing the walking speed test were 

classified as slow walkers if they: 1) could not stand up or walk without assistance; 2) used a 

wheelchair; 3) could not move around without assistance; 4) or could not walk 100–200 meters 

without great difficulty. A value of 0 s was assigned to participants unable to perform the test 

due to physical limitations. For this study, impaired tests were defined as walking speed 

resulted ≤ 0.8 m/s, according to previously defined cutoffs [157]. 
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The chair stand test assessed the time it took for the participant to stand up from a chair five 

times consecutively as quickly as possible [162]. The test was measured in seconds, with 

shorter time indicating greater lower limb muscle strength. A value of 52 s, the worst value 

recorded in our study population, was assigned to participants unable to perform the test due 

to physical limitations. For the present study, the cutoff to identify impairment in chair stand 

test was set at 15 s, based on previous research [157]. 

 

10.2.3 Multimorbidity assessment 

Physicians collected information on diagnoses via physical examination, medical history, 

examination of medical charts, self-reported information, and/or proxy interviews. Clinical 

parameters, laboratory tests, drug information, and inpatient and outpatient care data were also 

used to identify specific conditions. All diagnoses were coded following the International 

Classification of Diseases 10th revision (ICD-10). For this study, 60 chronic disease categories 

based on clinically driven operationalization of 918 ICD-10 codes were used to derive data-

driven multimorbidity patterns (see Statistical analyses for details) [20,163,164]. 

 

10.2.4 Vital status, loss to follow-up and other variables 

Information about vital status was derived from death certificates provided by Statistics 

Sweden, the Swedish governmental statistics agency. Survival status was assessed throughout 

the follow-up period. Participants were considered lost to follow up if they or a proxy declined 

to participate, could not be contacted, had moved out of the study area, or canceled an 

assessment. Several personal, lifestyle, and anthropometric data were measured at baseline 

during the nurse interview, including age, sex, education (elementary school, high school, and 

university or above), smoking status (never, former, or current smoker), alcohol intake (no or 

occasional, light to moderate, and heavy), and body mass index (BMI). In SNAC-K drugs are 

coded in accordance with the Anatomical Therapeutic Chemical classification. The MMSE 

was used as a measure of global cognition at baseline.   

 

10.2.5 Statistical analysis 

Baseline characteristics of participants were reported using numbers and percentages for 

categorical variables, and either mean and standard deviation (SD) or median and interquartile 
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range (IQR) for continuous variables. To compare the baseline characteristics of each 

multimorbidity pattern, appropriate statistical tests such as the Chi-square test for categorical 

variables and ANOVA for continuous variables were performed.  

The identification of groups of individuals with similar diseases patterns at baseline was carried 

out through latent class analysis (LCA). For this analysis, out of the previously mentioned 60 

chronic disease categories, only those with a prevalence >2 % in the study population were 

considered, to reduce statistical noise. The optimal number of latent classes was detected by 

comparing the Bayesian Information Criterion (BIC) and the adjusted BIC of different models, 

where the lowest values indicate the highest data fitness. The latent classes identified were 

named based on the observed/expected (O/E) ratios of diseases and by comparing the frequency 

of chronic conditions in each class with that in the study population. Disease exclusivity was 

computed as the ratio between the number of disease cases in a class and the total number of 

individuals with that disease in the population. A chronic disease with an exclusivity ≥25% and 

an O/E ratio ≥2 was considered to characterize a given pattern. Linear mixed models with 

random intercept and random slope were used to assess the association between baseline 

multimorbidity patterns and changes in physical performance test over time. Follow-up time 

was used as a timescale. The multimorbidity patterns at baseline were the exposures, while the 

reference group was the group of individuals without multimorbidity for the main analysis, and 

individuals grouped in the Unspecific pattern for a secondary analysis. An interaction term 

between multimorbidity patterns and time (in years) was introduced to estimate the average 

annual decrease in physical function of a given pattern compared to the reference group. The 

physical performance test was employed as continuous variables and further z-scored to enable 

standardized comparisons. A combined measure of physical function was derived by the mean 

of z-scores and used as the main outcome. All the analysis were adjusted for baseline age, sex, 

and education. Inverse probability weights (IPW) were used to account for the effect of 

censoring due to death or drop-out through different multimorbidity patterns. IPW were derived 

by modeling the probability of death and drop-out given the individuals baseline 

characteristics, i.e. age, sex, education, MMSE, alcohol behavior, smoking habit, activities of 

daily living (ADL) index, chronic disease count, and follow-up time (computed as the time 

between the baseline evaluation date and either death or the end of follow-up, whichever came 

first). Stratified were conducted to investigate potential effect modifiers , i.e. age and sex. 

Sensitivity analyses were performed to assess the robustness of the findings after 1) excluding 

individuals with less than two measures of physical performance tests during follow-up 

(n=854), and 2) further adjusting for number of chronic diseases. Statistical analyses were 
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carried out with STATA 18.0 (Stata Corp., College Station, TX, USA), and R: A language and 

environment for statistical computing, version 4.0.3 (R Foundation for Statistical Computing, 

Vienna, Austria) by using the poLCA package for the LCA. In all analyses, a p-value <0.05 

was considered statistically significant. 

 

10.3 Results 

10.3.1 Multimorbidity pattern characterization 

The analytical sample comprised 3112 dementia-free individuals from Swedish National study 

on Aging and Care in Kungsholmen (SNAC-K), with mean age 73.5 (± 10.7) and 63.3% female 

participants.  

 

 

 

Fig. 18 – Study population definition flow-chart 

After applying latent class analysis to classify participants according to their chronic diseases, 

four multimorbidity patterns were detected: 1) Psychiatric, respiratory, & musculoskeletal 

(n=482), 2) Anemia & sensory impairment (n=609), 3) Cardiometabolic & inflammatory 

(n=354), and 4) Unspecific (n= 1246), a pattern where nonspecific chronic conditions were 

SNAC-K participants
(n = 3363)

Exclusion criteria:

• Individuals with dementia diagnosis (n = 241)

Missing data:

• Individuals without dementia assessment at 
baseline (n = 10)

Study population
(n = 3112)
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over-represented (Table 15). The remaining 421 participants had one or no chronic diseases, 

i.e., no multimorbidity. 

 

Table 15. Characterizing diseases with prevalence over 20% within each multimorbidity 

pattern. 

Multimorbidity pattern Characterizing chronic diseases Prevalence within the pattern 
(%) 

Unspecific - - 

Psychiatric, respiratory & MSK Depression mood disease 36 

 Colitis related disease 26 

 Asthma 24 

 Thyroid disease 24 

Anemia & sensory impairment Anemia 31 

 Deafness hearing loss 27 

 Cataract lens disease 21 

 Glaucoma 20 

Cardiometabolic & 
inflammatory Heart failure 75 

 Ischemic heart disease 55 

 Atrial fibrillation 45 

 Anemia 32 

 Diabetes 23 

 Cerebrovascular disease 21 

Chronic diseases with observed/expected ratio ≥2 and exclusivity >25%. MSK: musculoskeletal; COPD: 

chronic obstructive pulmonary disease 
 

The baseline descriptive characteristics of the study population according to the specific 

disease pattern are presented in Table 16. 
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Table 16. Baseline descriptive characteristics of the study population by disease patterns 

(n=3112). 

  Total No MM Unspecific 
Psychiatric, 

respiratory & 
MSK 

Anemia & 
sensory 

impairment 

Cardiometab
olic & 

inflammatory 

 N=3,112 N=421 
(13.5%) 

N=1,246 
(40%) 

N=482 
(15.4%) 

N=609 
(19.6%) 

N=354 
(11.4%) 

Sex (female), n (%) 1,971 
(63.3%) 

224 
(53.2%) 

739 
(59.3%) 370 (76.8%) 413 (67.8%) 225 (63.6%) 

Age (years), mean (SD) 73.5 (10.7) 65.0 (6.7) 70.4 (8.7) 71.7 (9.5) 81.2 (9.4) 83.5 (8.9) 

Education (university), n 
(%) 

1,063 
(34.3%) 

218 
(51.9%) 

457 
(36.7%) 162 (33.9%) 164 (27.1%) 62 (17.7%) 

Alcohol consumption       

no or occasional, n (%) 1,069 
(34.7%) 67 (16.0%) 333 

(26.8%) 190 (40.0%) 282 (47.4%) 197 (56.6%) 

light-to-moderate, n (%) 1,511 
(49.1%) 

280 
(66.7%) 

681 
(54.9%) 190 (40.0%) 236 (39.7%) 124 (35.6%) 

heavy drinking, n (%) 499 (16.2%) 73 (17.4%) 227 
(18.3%) 95 (20.0%) 77 (12.9%) 27 (7.8%) 

Smoking habit, n (%) 452 (14.7%) 74 (17.8%) 188 
(15.2%) 95 (20.1%) 57 (9.5%) 38 (10.9%) 

Malnutrition (BMI<18.5 
kg/m2), n (%) 81 (2.6%) 2 (0.5%) 14 (1.1%) 19 (3.9%) 30 (4.9%) 16 (4.5%) 

No. of drugs, mean (SD) 3.9 (3.3) 1.3 (1.6) 2.8 (2.5) 5.2 (3.5) 4.5 (2.9) 7.7 (3.6) 

No. of chronic diseases, 
mean (SD) 3.9 (2.4) 0.8 (0.4) 3.2 (1.2) 4.5 (1.9) 5.0 (1.8) 7.6 (2.3) 

Hypertension, n (%) 2,170 
(69.7%) 

129 
(30.6%) 

1,075 
(86.3%) 261 (54.1%) 467 (76.7%) 238 (67.2%) 

Diabetes, n (%) 275 (8.8%) 4 (1.0%) 118 (9.5%) 16 (3.3%) 54 (8.9%) 83 (23.4%) 

PHYSICAL PERFORMANCE ASSESSMENT    

Walking speed test (m/s)       

mean (SD) 1.0 (0.4) 1.3 (0.3) 1.1 (0.4) 1.0 (0.4) 0.8 (0.4) 0.6 (0.4) 

impaired test, n (%) 789 (25.9%) 18 (4.3%) 154 
(12.5%) 123 (26.0%) 272 (45.9%) 222 (66.1%) 

Chair stands test (s)       

mean (SD) 21.7 (16.7) 12.4 (7.9) 16.9 (13.1) 23.3 (17.0) 29.3 (18.4) 34.7 (18.5) 
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impaired test, n (%) 1,288 
(42.0%) 58 (13.9%) 386 

(31.1%) 224 (47.4%) 375 (62.7%) 245 (72.1%) 

SD: standard deviation; MM: multimorbidity; MSK: musculoskeletal; BMI: body mass index. 
Missing data: age (n = 8) education (n = 14), alcohol consumption (n = 33), smoking (n = 35), walking speed test (n = 63), 
chair stand test (n = 42). 
All tests across disease patterns were statistically significant. 

 

 

Among the ones with multimorbidity, individuals in the “Unspecific” pattern were more likely 

to be men, younger, and generally healthier than those in the other multimorbidity patterns. 

However, they exhibited high prevalence of cardiometabolic risk factors, i.e. the highest 

prevalence of hypertension (86.3%), and the second highest prevalence of diabetes (9.5%). 

Individuals in the “Cardiometabolic & inflammatory” pattern were more likely to be older, 

with lower education level, and with higher burden of diseases and drugs than those in the other 

multimorbidity patterns. With regards to physical performance, the prevalence of impaired 

walking speed test (66.1%), and chair stands test (72.1%), were sharply higher among 

individuals in the “Cardiometabolic & inflammatory” pattern, followed by those in the 

“Anemia & sensory impairment” one. Figure 19 depicts the distribution of physical 

performance operationalized as a standardized average between walking speed and chair stand 

measures at baseline according to number of chronic diseases and disease patterns. As the 

number of chronic disease or the complexity of multimorbidity pattern increased, baseline 

physical performance tended to decline. 

 
Figure 19. Distribution of the walking speed test (z-score) and chair stand test (z-score) by chronic 

diseases count and multimorbidity patterns. 
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10.3.2 Multimorbidity and longitudinal trajectories of physical performance 

Multimorbidity patterns were differently associated with accelerated decline in physical 

performance test compared with individuals without multimorbidity (Figure 20).  

 

Figure 20. Trajectories of the combined physical function measure (z-score), walking speed 

test (z-score) and chair stand test (z-score) over 15 year by multimorbidity patterns (n=3036). 
 

Trajectories derived from mixed-effect linear regression models adjusted for baseline age, sex and education. Reference group: 

individuals without multimorbidity. MM: multimorbidity; MSK: musculoskeletal. 
 

 

 

Table 17 reports the β coefficients reflecting the annual change in the combined physical 

function measure, along with changes in walking speed and chair stand analyzed separately, 

over the 15-year follow-up. 
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Table 17. Associations between chronic diseases count and multimorbidity patterns and annual 

change (b coefficients) in walking speed test (z-score), chair stand test (z-score) and combined 

physical function measure (z-score) over the 15-year follow-up (n=3036). 
 

 

  Chronic diseases count  MM Patterns 

  
2-3 

(n=1117) 

4-5 

(n=830) 

≥6 

(n=672) 

 
Unspecific 

(n=1231) 

Psychiatric, 
respiratory 

& MSK 

(n=470) 

Anemia & 
sensory 

impairment 

(n=587) 

Cardiometabolic 
& inflammatory 

(n=333) 

Combined 
measure 
(z-score) 

        

  
-0.022 

[-0.036,-
0.009] 

-0.028 

[-0.041,-
0.014] 

-0.060 

[-0.095,-
0.026] 

 
-0.026 

[-0.039,-
0.013] 

-0.026 

[-0.045,-
0.007] 

-0.033 

[-0.051,-
0.016] 

-0.078 

[-0.122,-0.034] 

Walking 
speed test 
(z-score) 

        

  
-0.020 

[-0.032,-
0.008] 

-0.023 

[-0.036,-
0.009] 

-0.049 

[-0.084,-
0.013] 

 
-0.022 

[-0.034,-
0.011] 

-0.020 

[-0.037,-
0.003] 

-0.030 

[-0.047,-
0.013] 

-0.063 

[-0.109,-0.016] 

Chair stand 
test 

(z-score) 
        

  
-0.022 

[-0.039,-
0.006] 

-0.031  

[-0.049,-
0.013] 

-0.072 

[-0.111,-
0.033] 

 
-0.028 

[-0.044,-
0.013] 

-0.034 

[-0.059,-
0.008] 

-0.031  

[-0.055,-
0.006] 

-0.088 

[-0.136,-0.039] 

MM: multimorbidity; CI: confidence interval; MSK: musculoskeletal.  
Models adjusted for age, sex, education. Reference group: individuals without multimorbidity (n=415) 
95% confidence intervals in brackets; 
All results were statistically significant. 
 

 

Individuals in the Cardiometabolic & inflammatory pattern presented the fastest annual decline 

in all physical performance measures, with a steepest decline in chair stands test (β: -0.088, 

95% CI: -0.136, -0.039) compared to those without multimorbidity after adjusting for age, sex, 

and education and including inverse probability weighting to account for attrition over the 

follow-up. Individuals in the Psychiatric, Respiratory, and Musculoskeletal pattern were those 

with the most marked difference from the reference group at baseline across all physical 

performance tests. However, their decline over time were less pronounced, in particular in 

walking speed test (β: -0.020, 95% CI: -0.037, -0.003). Conversely, individuals in the 

Unspecific pattern exhibited baseline physical performance measurements comparable to those 
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of individuals without multimorbidity, while their trajectories diverged significantly from the 

reference group over time, with the main difference registered in chair stands test (β: -0.028, 

95% CI: -0.044, -0.013). 

After dividing the study population by the number of chronic diseases rather than 

multimorbidity patterns, having at least six chronic diseases was associated with the most 

pronounced deterioration in both physical performance tests compared to the reference group, 

with the steepest decline observed in chair stands test (β: -0.072, 95% CI: -0.111, -0.033). 

Specifically concerning the two investigated tests, the decline in physical performance across 

multimorbidity patterns was predicted differently for the walking speed and chair stands tests. 

Indeed, while no differences were observed between the two tests in the Anemia & Sensory 

Impairment pattern (walking speed: β: -0.030, 95% CI: -0.047, -0.013 vs. chair stands: β: -

0.031, 95% CI: -0.055, -0.006), a relevant difference was instead observed in the 

Cardiometabolic & inflammatory pattern (walking speed: β: -0.063, 95% CI: -0.109, -0.016 vs. 

chair stands: β: -0.088, 95% CI: -0.136, -0.039). 

When restricting the analysis to the individuals with multimorbidity, the annual rates of 

physical performance decline were attenuated across all patterns when compared to the 

Unspecific pattern, with only the cardiometabolic one retaining statistical significance. 

In sensitivity analyses, results remained consistent also after adjusting for number of chronic 

diseases. Few significant associations emerged upon stratifying by age and sex. 

Further, excluding individuals with less than two measures of physical performance tests 

during follow-up yielded results consistent with the main findings. 

 

 

10.4 Discussion 

In this population-based cohort of dementia-free older adults, long-term trajectories of physical 

performance varied according to specific patterns of chronic diseases. Longitudinal analyses 

revealed that individuals with higher number of chronic diseases and those clustered in the 

Cardiometabolic & inflammatory pattern, presented faster declines in physical performances. 

Notably, multimorbidity patterns remained independently associated with a steeper decline in 

physical performance after adjusting for the total disease count, suggesting that they provide 

more insight into predicting physical performance worsening than the mere count of diseases. 

Lastly, across multimorbidity patterns, declining in physical performance was differently 

predicted between the investigated tests, i.e. walking speed and chairs stand test. 
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Worldwide, an increasing number of studies are investigating clusters of multimorbidity across 

different populations and settings [21,23,145,165]. Consistent with prior studies [166,167], we 

found high variability in multimorbidity clustering at baseline, with approximately 54% of 

participants being classified into a well-defined cluster: 1) Psychiatric, respiratory & MSK, 2) 

Anemia & sensory impairment, and 3) Cardiometabolic & inflammatory. The remaining 46% 

of the participants were sorted into an unspecific pattern, where nonspecific chronic conditions 

were over-represented. These individuals present a lower burden of chronic diseases at baseline 

while exhibiting a higher prevalence of cardiometabolic risk factors.  

To our knowledge, the longitudinal associations between data-driven multimorbidity patterns 

and physical performance have been investigated in only one previous study, conducted using 

data from the China Health and Retirement Longitudinal Study [161], which reported results 

generally consistent with our findings. Nonetheless, direct comparisons between the two 

studies are limited for several reasons. First, unlike Yao et al., we excluded individuals with a 

clinical diagnosis of dementia from our analytical sample. This exclusion was intended to 

ensure that the associations between multimorbidity patterns and physical performance were 

not affected by severe cognitive impairment. Second, In Yao et al., physical performance was 

assessed, in addition of walking speed, using the handgrip strength test. In contrast, our study 

focused on chair stands test, a more complex measure of physical performance that requires 

the interplay of muscle strength, balance, and movement coordination. Notably, the chair 

stands test is a core component of the widely used Short Physical Performance Battery (SPPB) 

for assessing physical performance [168]. Third, in SNAC-K the ascertainment of chronic 

conditions was performed by physicians, with chronic diseases coded in accordance with the 

International Classification of Diseases, 10th revision (ICD-10); for the present study 60 

chronic disease categories based on clinically driven operationalization of 918 ICD-10 codes 

were used to derive data-driven multimorbidity patterns, by using a methodology previously 

developed and tested by our group 19. Lastly, our study encompassed a longer follow-up, with 

repeated measurements over a 15-year period.  

As depicted in Figure 20, individuals clustered in the Cardiometabolic & Inflammatory pattern 

exhibited a faster annual decline in physical performance as measured by objective tests, 

followed by individuals in the Anemia & Sensory Impairment, Psychiatric, Respiratory & 

MSK, and Unspecific patterns. These findings highlight worse physical performance 

trajectories among individuals with more biologically complex multimorbidity patterns 

compared to those with simpler patterns. While the higher burden of chronic disease may 

account part of this difference, we hypothesized that it does not fully explain for the entire 
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phenomenon. Indeed, while more complex multimorbidity patterns tended to have higher 

number of diseases, additional adjustment for total disease count revealed that these patterns 

remained independently associated to faster functional decline. This suggest that sharing 

specific diseases, rather than having multiple comorbidities, has an independent detrimental 

effect on physical performance, potentially due to the activation of overlapping 

pathophysiological pathways, e.g. chronic systemic inflammation, metabolism alteration, 

endocrine dysfunction, nutritional depletion, and use of common medications [21,169,170]. 

In our sample, the decline in physical performance varied across multimorbidity patterns and 

was differently predicted by the tests investigated. Specifically, the chair stands test exhibited 

the steepest annual decline, particularly in individuals clustered in the Cardiometabolic & 

Inflammatory pattern, while the Anemia & Sensory Impairment pattern showed similar 

longitudinal trajectories for both physical performance tests. These differences may be related 

to the specific characteristics of each test, which could reflect physical functions from different 

perspectives. The chair stands test, for instance, has been previously considered a measure of 

physical performance particularly related to cardiovascular health [170–173], which could 

explain the more pronounced decline seen in individuals within the Cardiometabolic & 

Inflammatory pattern.  

The findings of this study may have significant implications for prevention and clinical 

practice. First, given the evidence supporting the effectiveness of interventions in mitigating 

aging-related physical decline [174–178], identifying patterns of chronic diseases, highlighting 

specific needs, using specific objective measurements, and further personalizing interventions, 

may be more effective in preventing the progressive worsening of physical performance in 

people with multimorbidity. 

Second, given that physical performance decline across all patterns over time, it should be 

mandatory to assess physical performance in all individuals with multimorbidity, even in those 

with lower clinical complexity. Indeed, given the dynamic progression of multimorbidity 

patterns over time, characterized by a transition from lower to higher complexity patterns [20], 

individuals grouped in the Unspecific pattern should be considered at risk for this transition, as 

they present the lower number of chronic diseases but the higher prevalence of cardiometabolic 

risk factors. Consequently, those individuals are likely to benefit most from preventive 

interventions and should receive targeted efforts to address potential declines in physical 

performance at an early stage [20]. 

The strengths of our study include a large study population, a 15-year follow-up period, the use 

of two distinct objective measures of physical performance, the application of inverse 
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probability weights to address attrition bias, the comprehensive clinical evaluation that allows 

for chronic disease assessment, the rigorous clinically driven methodology that were used to 

operationalize multimorbidity, and the definition of data-driven multimorbidity patterns. 

However, several limitations of this study should be acknowledged and discussed. Firstly, 

participants in the SNAC-K study are relatively fit and healthy individuals, which may limit 

the generalizability of our findings to other populations of older adults. Secondly, it is 

reasonable to assume that the longitudinal trajectories of physical performance and patterns 

associated with higher attrition due to mortality and dropout may be underestimated. To 

mitigate this issue, we employed inverse probability weights. 

Conversely, the inclusion of data from individuals with only one assessment of physical 

performance may have led to an overestimation of the associations, particularly for patterns 

with milder multimorbidity. However, limiting the analysis to individuals with at least two 

assessments of physical performance during follow-up confirmed the associations, thereby 

reinforcing the robustness of our findings. 

In conclusion, our findings suggest that multimorbidity patterns are differently associated with 

accelerated decline in physical performance test compared. This study contributes to enhancing 

our understanding of how co-occurring diseases impact physical performance, with potential 

implications for preserving physical function among older adults. 
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SECTION IV
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11. OVERALL CONCLUSIONS 
 

Frailty is a dynamic and multidimensional condition, with physical, psychological, and social 

factors playing a part in its development. The ambition of this doctoral thesis was to explore 

this condition from other perspectives, providing novel instruments to approach it. This thesis 

broaden the debate on frailty syndrome towards types of patients who are often overlooked, 

but who frequently present adverse health outcomes. Traditionally, frailty has been studied 

predominantly in the context of older adults, but other groups of patients also demonstrate 

characteristics of frailty and therefore could benefit from more attention. These groups, though 

not necessarily older adults, may exhibit vulnerabilities due to chronic conditions, disabilities, 

or socio-environmental factors. 

The decision to emphasize frailty as a common feature and valuable marker for identifying 

these patients early stems from the condition's inherently multidimensional nature. Frailty is 

not just a physical phenomenon; it emerges from a complex interplay between physical, 

psychological, and social factors. Each of these dimensions contributes in varying degrees to 

the overall frailty of an individual. For example, physical aspects may include mobility issues, 

nutritional deficits, or chronic diseases, while psychological dimensions could involve 

cognitive decline, depression, or anxiety. Additionally, social factors like isolation, lack of 

support networks, and socio-economic challenges further exacerbate the risk of frailty. 

The interaction between these domains is marked by considerable complexity, making frailty 

difficult to diagnose and manage. This thesis contributes to a better understanding of this 

complexity by exploring new insights and providing promising instruments to address it. 

However, future research is needed to address our limitations, and further extend the knowledge 

of the field. 

Understanding the intricate web of interrelationships that depicts frailty could be the key to 

improving outcomes for frail individuals, as carefully addressing them through innovative and 

tailored approaches to prevention and care could help foster their resilience and improve the 

ability to prevent functional decline up to death. 

 

 

 

 

 



 87 

References 

 
[1] Kim DH, Rockwood K. Frailty in Older Adults. N Engl J Med 2024;391:538–48. 

https://doi.org/10.1056/NEJMra2301292. 

[2] Dent E and M FC and Bergman, H and Woo, J and Romero-Ortuno, R and Walston, JD. 

Management of frailty: opportunities, challenges, and future directions. Lancet 

2019;394:1376–86. 

[3] Fried LP and T CM and Walston, J. Frailty in older adults: evidence for a phenotype. J 

Gerontol Biol Sci Med Sci 2001;56:146–56. 

[4] Hoogendijk EO and A J and Ensrud, KE and Kowal, P and Onder, G and Fried, LP. Frailty: 

implications for clinical practice and public health. Lancet 2019;394:1365–75. 

[5] Clegg A and Y J and Iliffe, S and Rikkert, MO and Rockwood, K. Frailty in elderly people. 

Lancet 2013;381:752–62. 

[6] Hanlon P, Nicholl BI, Jani BD, Lee D, McQueenie R, Mair FS. Frailty and pre-frailty in 

middle-aged and older adults and its association with multimorbidity and mortality: a 

prospective analysis of 493 737 UK Biobank participants. Lancet Public Health 

2018;3:e323–32. https://doi.org/10.1016/S2468-2667(18)30091-4. 

[7] Fried LP and F L and Darer, J and Williamson, JD and Anderson, G. Untangling the 

concepts of disability, frailty, and comorbidity: implications for improved targeting and 

care. J Gerontol Biol Sci Med Sci 2004;59:255–63. 

[8] Mitnitski AB and M AJ and Rockwood, K. Accumulation of deficits as a proxy measure 

of aging. ScientificWorldJournal 2001;1:323–36. 

[9] Clegg A, Bates C, Young J, Ryan R, Nichols L, Ann Teale E, et al. Development and 

validation of an electronic frailty index using routine primary care electronic health record 

data. Age Ageing 2016;45:353–60. https://doi.org/10.1093/ageing/afw039. 

[10] Howlett SE and R AD and Rockwood, K. The degree of frailty as a translational measure 

of health in aging. Nat Aging 2021;1:651–65. 

[11] Marengoni A, Angleman S, Melis R, Mangialasche F, Karp A, Garmen A, et al. Aging 

with multimorbidity: a systematic review of the literature. Ageing Res Rev 2011;10:430–

9. https://doi.org/10.1016/j.arr.2011.03.003. 

[12] Fabbri E, An Y, Zoli M, Simonsick EM, Guralnik JM, Bandinelli S, et al. Aging and the 

burden of multimorbidity: associations with inflammatory and anabolic hormonal 



 88 

biomarkers. J Gerontol A Biol Sci Med Sci 2015;70:63–70. 

https://doi.org/10.1093/gerona/glu127. 

[13] Skou ST, Mair FS, Fortin M, Guthrie B, Nunes BP, Miranda JJ, et al. Multimorbidity. Nat 

Rev Dis Primer 2022;8:48. https://doi.org/10.1038/s41572-022-00376-4. 

[14] Calderón-Larrañaga A, Fratiglioni L. Multimorbidity research at the crossroads: 

developing the scientific evidence for clinical practice and health policy. J Intern Med 

2019;285:251–4. https://doi.org/10.1111/joim.12872. 

[15] Quiñones AR, Markwardt S, Botoseneanu A. Multimorbidity Combinations and 

Disability in Older Adults. J Gerontol A Biol Sci Med Sci 2016;71:823–30. 

https://doi.org/10.1093/gerona/glw035. 

[16] Barnett K, Mercer SW, Norbury M, Watt G, Wyke S, Guthrie B. Epidemiology of 

multimorbidity and implications for health care, research, and medical education: a cross-

sectional study. Lancet Lond Engl 2012;380:37–43. https://doi.org/10.1016/S0140-

6736(12)60240-2. 

[17] Gold SM, Köhler-Forsberg O, Moss-Morris R, Mehnert A, Miranda JJ, Bullinger M, et 

al. Comorbid depression in medical diseases. Nat Rev Dis Primer 2020;6:69. 

https://doi.org/10.1038/s41572-020-0200-2. 

[18] Vetrano DL, Calderón-Larrañaga A, Marengoni A, Onder G, Bauer JM, Cesari M, et al. 

An International Perspective on Chronic Multimorbidity: Approaching the Elephant in 

the Room. J Gerontol Ser A 2018;73:1350–6. https://doi.org/10.1093/gerona/glx178. 

[19] Vetrano DL, Rizzuto D, Calderón-Larrañaga A, Onder G, Welmer A-K, Bernabei R, et al. 

Trajectories of functional decline in older adults with neuropsychiatric and cardiovascular 

multimorbidity: A Swedish cohort study. PLoS Med 2018;15:e1002503. 

https://doi.org/10.1371/journal.pmed.1002503. 

[20] Vetrano DL, Roso-Llorach A, Fernández S, Guisado-Clavero M, Violán C, Onder G, et 

al. Twelve-year clinical trajectories of multimorbidity in a population of older adults. Nat 

Commun 2020;11:3223. https://doi.org/10.1038/s41467-020-16780-x. 

[21] Calderón-Larrañaga A, Vetrano DL, Ferrucci L, Mercer SW, Marengoni A, Onder G, et 

al. Multimorbidity and functional impairment-bidirectional interplay, synergistic effects 

and common pathways. J Intern Med 2019;285:255–71. 

https://doi.org/10.1111/joim.12843. 

[22] Stirland LE, González-Saavedra L, Mullin DS, Ritchie CW, Muniz-Terrera G, Russ TC. 

Measuring multimorbidity beyond counting diseases: systematic review of community 



 89 

and population studies and guide to index choice. BMJ 2020;368:m160. 

https://doi.org/10.1136/bmj.m160. 

[23] Prados-Torres A, Calderón-Larrañaga A, Hancco-Saavedra J, Poblador-Plou B, van den 

Akker M. Multimorbidity patterns: a systematic review. J Clin Epidemiol 2014;67:254–

66. https://doi.org/10.1016/j.jclinepi.2013.09.021. 

[24] Mitnitski A, Rockwood K. The rate of aging: the rate of deficit accumulation does not 

change over the adult life span. Biogerontology 2016;17:199–204. 

https://doi.org/10.1007/s10522-015-9583-y. 

[25] Rockwood K, Song X, Mitnitski A. Changes in relative fitness and frailty across the adult 

lifespan: evidence from the Canadian National Population Health Survey. CMAJ Can 

Med Assoc J J Assoc Medicale Can 2011;183:E487-494. 

https://doi.org/10.1503/cmaj.101271. 

[26] Hanlon P, Wightman H, Politis M, Kirkpatrick S, Jones C, Andrew MK, et al. The 

relationship between frailty and social vulnerability: a systematic review. Lancet Healthy 

Longev 2024;5:e214–26. https://doi.org/10.1016/S2666-7568(23)00263-5. 

[27] Andrew MK. Frailty and Social Vulnerability. Interdiscip Top Gerontol Geriatr 

2015;41:186–95. https://doi.org/10.1159/000381236. 

[28] Hoogendijk EO, Suanet B, Dent E, Deeg DJH, Aartsen MJ. Adverse effects of frailty on 

social functioning in older adults: Results from the Longitudinal Aging Study Amsterdam. 

Maturitas 2016;83:45–50. https://doi.org/10.1016/j.maturitas.2015.09.002. 

[29] Herrera‐Badilla A, Navarrete‐Reyes AP, Amieva H, Avila‐Funes JA. Loneliness Is 

Associated with Frailty in Community‐Dwelling Elderly Adults. J Am Geriatr Soc 

2015;63:607–9. https://doi.org/10.1111/jgs.13308. 

[30] Davies K, Maharani A, Chandola T, Todd C, Pendleton N. The longitudinal relationship 

between loneliness, social isolation, and frailty in older adults in England: a prospective 

analysis. Lancet Healthy Longev 2021;2:e70–7. https://doi.org/10.1016/S2666-

7568(20)30038-6. 

[31] Politis M, Crawford L, Jani BD, Nicholl BI, Lewsey J, McAllister DA, et al. An 

observational analysis of frailty in combination with loneliness or social isolation and 

their association with socioeconomic deprivation, hospitalisation and mortality among 

UK Biobank participants. Sci Rep 2024;14:7258. https://doi.org/10.1038/s41598-024-

57366-7. 



 90 

[32] Kojima G, Jivraj S, Iliffe S, Falcaro M, Liljas A, Walters K. Alcohol Consumption and 

Risk of Incident Frailty: The English Longitudinal Study of Aging. J Am Med Dir Assoc 

2019;20:725–9. https://doi.org/10.1016/j.jamda.2018.10.011. 

[33] Carvalho AF and H M and Perez, A and Probst, C and Rehm, J. Alcohol use disorders. 

Lancet 2019;394:781–92. https://doi.org/10.1016/S0140-6736(19)31775-1. 

[34] Scafato E and G S and Gandin, C and Matone, A and Vichi, M and Lavoro, CSDA. 

Epidemiology and alcohol-related monitoring in Italy and in the regions. Eval Natl Obs 

Alcohol Impact Alcohol Consum Support Implement Act Natl Alcohol Health Plan Ist 

Super Sanità 2022. 

[35] Schomerus G, Corrigan PW, Klauer T, Kuwert P, Freyberger HJ, Lucht M. Self-stigma in 

alcohol dependence: Consequences for drinking-refusal self-efficacy. Drug Alcohol 

Depend 2011;114:12–7. https://doi.org/10.1016/j.drugalcdep.2010.08.013. 

[36] Williams EC, Achtmeyer CE, Young JP, Berger D, Curran G, Bradley KA, et al. Barriers 

to and Facilitators of Alcohol Use Disorder Pharmacotherapy in Primary Care: A 

Qualitative Study in Five VA Clinics. J Gen Intern Med 2018;33:258–67. 

https://doi.org/10.1007/s11606-017-4202-z. 

[37] Guggenmos M, Schmack K, Sekutowicz M, Garbusow M, Sebold M, Sommer C, et al. 

Quantitative neurobiological evidence for accelerated brain aging in alcohol dependence. 

Transl Psychiatry 2017;7:1279. https://doi.org/10.1038/s41398-017-0037-y. 

[38] Nannini DR, Joyce BT, Zheng Y, Gao T, Wang J, Liu L, et al. Alcohol consumption and 

epigenetic age acceleration in young adults. Aging 2023;15:371–95. 

https://doi.org/10.18632/aging.204467. 

[39] Brodaty H, Donkin M. Family caregivers of people with dementia. Dialogues Clin 

Neurosci 2009;11:217–28. https://doi.org/10.31887/DCNS.2009.11.2/hbrodaty. 

[40] Cai Y, Ren X, Hou Y, Zhang M, Wang J, Chen O. Impact of caregiving on frailty in older 

spousal caregivers: A retrospective cohort study. Geriatr Nur (Lond) 2024;59:687–93. 

https://doi.org/10.1016/j.gerinurse.2024.08.039. 

[41] Kuendig H, Hasselberg M, Laflamme L, Daeppen J-B, Gmel G. Acute Alcohol 

Consumption and Injury: Risk Associations and Attributable Fractions for Different 

Injury Mechanisms. J Stud Alcohol Drugs 2008;69:218–26. 

https://doi.org/10.15288/jsad.2008.69.218. 

[42] Rehm J, Room R, Monteiro M, Gmel G, Graham K, Rehn N, et al. Alcohol as a Risk 

Factor for Global Burden of Disease. Eur Addict Res 2003;9:157–64. 

https://doi.org/10.1159/000072222. 



 91 

[43] Aditi, Singh SK, Jaiswal AK, Verma M. Is there a ubiquitous association between sleep 

disorder and frailty? findings from LASI (2017–18). BMC Geriatr 2023;23:429. 

https://doi.org/10.1186/s12877-023-04148-x. 

[44] Chagas JDM, Santos EHR, Ronchi CF, Biagini AP. Sleep and Life Quality in Frail Elderly 

– A Narrative Review. Sleep Sci 2023;16:102–16. https://doi.org/10.1055/s-0043-

1767742. 

[45] Nishikawa H, Yoh K, Enomoto H, Iwata Y, Nishimura T, Nishiguchi S, et al. Frailty and 

Sleep Disorder in Chronic Liver Diseases. Life 2020;10:137. 

https://doi.org/10.3390/life10080137. 

[46] Press Y, Punchik B, Freud T. The association between subjectively impaired sleep and 

symptoms of depression and anxiety in a frail elderly population. Aging Clin Exp Res 

2018;30:755–65. https://doi.org/10.1007/s40520-017-0837-1. 

[47] Pourmotabbed A, Ghaedi E, Babaei A, Mohammadi H, Khazaie H, Jalili C, et al. Sleep 

duration and sarcopenia risk: a systematic review and dose-response meta-analysis. Sleep 

Breath Schlaf Atm 2020;24:1267–78. https://doi.org/10.1007/s11325-019-01965-6. 

[48] Zhang Q, Guo H, Gu H, Zhao X. Gender-associated factors for frailty and their impact on 

hospitalization and mortality among community-dwelling older adults: a cross-sectional 

population-based study. PeerJ 2018;6:e4326. https://doi.org/10.7717/peerj.4326. 

[49] Curcio G, Tempesta D, Scarlata S, Marzano C, Moroni F, Rossini PM, et al. Validity of 

the Italian Version of the Pittsburgh Sleep Quality Index (PSQI). Neurol Sci 2013;34:511–

9. https://doi.org/10.1007/s10072-012-1085-y. 

[50] Vignatelli L, Plazzi G, Barbato A, Ferini-Strambi L, Manni R, Pompei F, et al. Italian 

version of the Epworth sleepiness scale: external validity. Neurol Sci Off J Ital Neurol 

Soc Ital Soc Clin Neurophysiol 2003;23:295–300. 

https://doi.org/10.1007/s100720300004. 

[51] Toma M, Wei OC. Predictive Modeling in Medicine. Encyclopedia 2023;3:590–601. 

https://doi.org/10.3390/encyclopedia3020042. 

[52] Oliosi E, Guede-Fernández F, Londral A. Machine Learning Approaches for the Frailty 

Screening: A Narrative Review. Int J Environ Res Public Health 2022;19:8825. 

https://doi.org/10.3390/ijerph19148825. 

[53] Macias Alonso AK, Hirt J, Woelfle T, Janiaud P, Hemkens LG. Definitions of digital 

biomarkers: a systematic mapping of the biomedical literature. BMJ Health Care Inform 

2024;31:e100914. https://doi.org/10.1136/bmjhci-2023-100914. 



 92 

[54] Babrak LM, Menetski J, Rebhan M, Nisato G, Zinggeler M, Brasier N, et al. Traditional 

and Digital Biomarkers: Two Worlds Apart? Digit Biomark 2019;3:92–102. 

https://doi.org/10.1159/000502000. 

[55] Charan GS, Khurana MS, Kalia R. Wearable technology: how healthcare is changing 

forever. J Chitwan Med Coll 2023;13:111–3. https://doi.org/10.54530/jcmc.1376. 

[56] Lu L, Zhang J, Xie Y, Gao F, Xu S, Wu X, et al. Wearable health devices in health care: 

narrative systematic review. JMIR MHealth UHealth 2020;8. 

https://doi.org/10.2196/18907. 

[57] Thorpe J, Forchhammer BH, Maier AM. Adapting Mobile and Wearable Technology to 

Provide Support and Monitoring in Rehabilitation for Dementia: Feasibility Case Series. 

JMIR Form Res 2019;3:e12346. https://doi.org/10.2196/12346. 

[58] Kirk C, Küderle A, Micó-Amigo ME, Bonci T, Paraschiv-Ionescu A, Ullrich M, et al. 

Mobilise-D insights to estimate real-world walking speed in multiple conditions with a 

wearable device. Sci Rep 2024;14. https://doi.org/10.1038/s41598-024-51766-5. 

[59] O’Neill B, McDonough SM, Wilson JJ, Bradbury I, Hayes K, Kirk A, et al. Comparing 

accelerometer, pedometer and a questionnaire for measuring physical activity in 

bronchiectasis: a validity and feasibility study. Respir Res 2017;18:16. 

https://doi.org/10.1186/s12931-016-0497-2. 

[60] Vavasour G, Giggins OM, Doyle J, Kelly D. How wearable sensors have been utilised to 

evaluate frailty in older adults: a systematic review. J NeuroEngineering Rehabil 

2021;18:112. https://doi.org/10.1186/s12984-021-00909-0. 

[61] Blodgett J, Theou O, Kirkland S, Andreou P, Rockwood K. The association between 

sedentary behaviour, moderate–vigorous physical activity and frailty in NHANES 

cohorts. Maturitas 2015;80:187–91. https://doi.org/10.1016/j.maturitas.2014.11.010. 

[62] Jansen FM, Prins RG, Etman A, Van Der Ploeg HP, De Vries SI, Van Lenthe FJ, et al. 

Physical Activity in Non-Frail and Frail Older Adults. PLOS ONE 2015;10:e0123168. 

https://doi.org/10.1371/journal.pone.0123168. 

[63] Sylvia LG, Bernstein EE, Hubbard JL, Keating L, Anderson EJ. Practical Guide to 

Measuring Physical Activity. J Acad Nutr Diet 2014;114:199–208. 

https://doi.org/10.1016/j.jand.2013.09.018. 

[64] Lee H, Joseph B, Enriquez A, Najafi B. Toward Using a Smartwatch to Monitor Frailty 

in a Hospital Setting: Using a Single Wrist-Wearable Sensor to Assess Frailty in 

Bedbound Inpatients. Gerontology 2018;64:389–400. 

https://doi.org/10.1159/000484241. 



 93 

[65] Park C, Sharafkhaneh A, Bryant MS, Nguyen C, Torres I, Najafi B. Toward Remote 

Assessment of Physical Frailty Using Sensor-based Sit-to-stand Test. J Surg Res 

2021;263:130–9. https://doi.org/10.1016/j.jss.2021.01.023. 

[66] Park C, Mishra R, Golledge J, Najafi B. Digital Biomarkers of Physical Frailty and Frailty 

Phenotypes Using Sensor-Based Physical Activity and Machine Learning. Sensors 

2021;21:5289. https://doi.org/10.3390/s21165289. 

[67] Pozo-Cruz B del, Mañas A, Martín-García M, Marín-Puyalto J, García-García FJ, 

Rodriguez-Mañas L, et al. Frailty is associated with objectively assessed sedentary 

behaviour patterns in older adults: Evidence from the Toledo Study for Healthy Aging 

(TSHA). PLOS ONE 2017;12:e0183911. https://doi.org/10.1371/journal.pone.0183911. 

[68] Schwenk M, Mohler J, Wendel C, D’’Huyvetter K, Fain M, Taylor-Piliae R, et al. 

Wearable Sensor-Based In-Home Assessment of Gait, Balance, and Physical Activity for 

Discrimination of Frailty Status: Baseline Results of the Arizona Frailty Cohort Study. 

Gerontology 2014;61:258–67. https://doi.org/10.1159/000369095. 

[69] Parvaneh S, Mohler J, Toosizadeh N, Grewal GS, Najafi B. Postural Transitions during 

Activities of Daily Living Could Identify Frailty Status: Application of Wearable 

Technology to Identify Frailty during Unsupervised Condition. Gerontology 

2017;63:479–87. https://doi.org/10.1159/000460292. 

[70] Razjouyan J, Naik AD, Horstman MJ, Kunik ME, Amirmazaheri M, Zhou H, et al. 

Wearable Sensors and the Assessment of Frailty among Vulnerable Older Adults: An 

Observational Cohort Study. Sensors 2018;18:1336. https://doi.org/10.3390/s18051336. 

[71] Franceschi C, Bonafè M, Valensin S, Olivieri F, De Luca M, Ottaviani E, et al. Inflamm-

aging: An Evolutionary Perspective on Immunosenescence. Ann N Y Acad Sci 

2000;908:244–54. https://doi.org/10.1111/j.1749-6632.2000.tb06651.x. 

[72] Di Sabatino A, Lenti MV, Cammalleri L, Corazza GR, Pilotto A. Frailty and the gut. Dig 

Liver Dis 2018;50:533–41. https://doi.org/10.1016/j.dld.2018.03.010. 

[73] Odenwald MA, Turner JR. Intestinal Permeability Defects: Is It Time to Treat? Clin 

Gastroenterol Hepatol 2013;11:1075–83. https://doi.org/10.1016/j.cgh.2013.07.001. 

[74] Claesson MJ, Jeffery IB, Conde S, Power SE, O’Connor EM, Cusack S, et al. Gut 

microbiota composition correlates with diet and health in the elderly. Nature 

2012;488:178–84. https://doi.org/10.1038/nature11319. 

[75] Kulich KR, Madisch A, Pacini F, Piqué JM, Regula J, Van Rensburg CJ, et al. Reliability 

and validity of the Gastrointestinal Symptom Rating Scale (GSRS) and Quality of Life in 



 94 

Reflux and Dyspepsia (QOLRAD) questionnaire in dyspepsia: a six-country study. Health 

Qual Life Outcomes 2008;6:12. https://doi.org/10.1186/1477-7525-6-12. 

[76] Markle-Reid M, Browne G. Conceptualizations of frailty in relation to older adults. J Adv 

Nurs 2003;44:58–68. https://doi.org/10.1046/j.1365-2648.2003.02767.x. 

[77] Trevisan C, Veronese N, Maggi S, Baggio G, Toffanello ED, Zambon S, et al. Factors 

Influencing Transitions Between Frailty States in Elderly Adults: The Progetto Veneto 

Anziani Longitudinal Study. J Am Geriatr Soc 2017;65:179–84. 

https://doi.org/10.1111/jgs.14515. 

[78] Gill TM, Gahbauer EA, Allore HG, Han L. Transitions between frailty states among 

community-living older persons. Arch Intern Med 2006;166:418–23. 

https://doi.org/10.1001/archinte.166.4.418. 

[79] Espinoza SE, Jung I, Hazuda H. Frailty transitions in the San Antonio Longitudinal Study 

of Aging. J Am Geriatr Soc 2012;60:652–60. https://doi.org/10.1111/j.1532-

5415.2011.03882.x. 

[80] Lee JSW, Auyeung T-W, Leung J, Kwok T, Woo J. Transitions in frailty states among 

community-living older adults and their associated factors. J Am Med Dir Assoc 

2014;15:281–6. https://doi.org/10.1016/j.jamda.2013.12.002. 

[81] Caputo F and A R and Vignoli, T and Patussi, V and Fanucchi, T and Cimarosti, P and 

Meneguzzi, C and Greco, G and Rossin, R and Parisi, M and Mioni, D and Arico’, S and 

Palmieri, VO and Zavan, V and Allosio, P and Balbinot, P and Amendola, MF and Macciò, 

L and Renzetti, D and Scafato, E and Testino, G. Diagnosis and treatment of acute alcohol 

intoxication and alcohol withdrawal syndrome: position paper of the Italian society on 

alcohol. Intern Emerg Med 2019;14:143–60. https://doi.org/10.1007/s11739-018-1933-8. 

[82] Goldbeck R and A M and Sanderson, M and Farquharson, C. Alcohol and drug misuse, 

risk of re-admission to a general hospital and psychiatric contact. Scott Med J 2012;57:60. 

https://doi.org/10.1258/smj.2011.011291. 

[83] Vonghia L and L L and Ferrulli, A and Bertini, M and Gasbarrini, G and Addolorato, G 

and Alcoholism, TSG. Acute alcohol intoxication. Eur J Intern Med 2008;19:561–7. 

https://doi.org/10.1016/j.ejim.2007.06.033. 

[84] Wang IJ and B BK and Cho, YM and Cho, SJ and Yeom, SR, Lee and SB, Chun and M, 

Kim and H, Kim and HH, Lee and SM, Huh and U, Moon and SY. Effect of acute alcohol 

intoxication on mortality, coagulation, and fibrinolysis in trauma patients. PLoS One 

2021;16:e0248810. https://doi.org/10.1371/journal.pone.0248810. 



 95 

[85] Cleves M and G W and Marchenko, Y. An introduction to survival analysis using Stata. 

Revised third. Stata Press, College Station; 2016. 

[86] Royston P and S W. Multivariable model-building: a pragmatic approach to regression 

analysis based on fractional polynomials for modelling continuous variables. John Wiley, 

Chichester; 2008. 

[87] Efron B. An introduction to the bootstrap. Chapman &amp; Hall/CRC, Boca Raton; 1994. 

[88] Grambsch PM and T TM. Proportional hazards tests and diagnostics based on weighted 

residuals. Biometrika 1994;81:515–26. https://doi.org/10.1093/biomet/81.3.515. 

[89] Royston P. Flexible parametric survival analysis using stata: beyond the Cox model. Stata 

Press, College Station; 2011. 

[90] Hjemsæter AJ and B JG and Drake, R and Skeie, I and Monsbakken, B and Benth, JŠ and 

Landheim, AS. Mortality, cause of death and risk factors in patients with alcohol use 

disorder alone or poly-substance use disorders: a 19-year prospective cohort study. BMC 

Psychiatry 2019. https://doi.org/10.1186/s12888-019-2077-8. 

[91] Delker E and B Q and Hasin, DS. Alcohol consumption in demographic subpopulations: 

an epidemiologic overview. Alcohol Res 2016;38:7–15. 

[92] D’Angelo A and P C and Greco, A and Ralli, M and Vitali, M and Giovagnoli, R and 

Persis, S and Fiore, M and Ceccanti, M and Messina, MP. Acute alcohol intoxication: a 

clinical overview. Clin Ter 2022;173:280–91. https://doi.org/10.7417/CT.2022.2432. 

[93] Tarli C and M A and Addolorato, G. Treating alcohol use disorder in patients with alcohol 

associated liver disease. Semin Liver Dis 2022. https://doi.org/10.1055/a-1798-2872. 

[94] Sathanantham S and D K and Thadchanamoorthy, V. Approach to the adolescent with 

substance use in the acute setting. Cureus 13e16309 2021. 

https://doi.org/10.7759/cureus.16309. 

[95] Roy S and K VM and Adapa, S and Naramala, S and Bose, S. Cocaine and alcohol co-

ingestion-induced severe rhabdomyolysis with acute kidney injury culminating in 

hemodialysis-dependent end-stage renal disease: a case report and literature review. 

Cureus 12e8595 2020. https://doi.org/10.7759/cureus.8595. 

[96] Morgan MY. Acute alcohol toxicity and withdrawal in the emergency room and medical 

admissions unit. Clin Med Lond Engl 2015;15:486–9. 

https://doi.org/10.7861/clinmedicine.15-5-486. 

[97] Winhusen T and T J and Kaelber, DC and Lewis, D. Medical complications associated 

with substance use disorders in patients with type 2 diabetes and hypertension: electronic 

health record findings. Addiction 2019;114:1462–70. https://doi.org/10.1111/add.14607. 



 96 

[98] Kendler KS and O H and Sundquist, J and Sundquist, K. Alcohol Use Disorder and 

Mortality Across the Lifespan. JAMA Psychiat 2016;73:575. 

https://doi.org/10.1001/jamapsychiatry.2016.0360. 

[99] Osborne JC and H SE and Mara, KC and Kingsley, TC and Kirchoff, RW and Leung, JG. 

Medications and patient factors associated with increased readmission for alcohol-related 

diagnoses. Mayo Clin Proc Innov Qual Outcomes 2022;6:1-9 1 0 1 016 2021 11 005. 

[100] Hosmer DW and L S and Sturdivant, RX and Royston, P and Sauerbrei, W. Applied 

logistic regression. Stata J Promot Commun Stat Stata 2013;9:547–70. 

[101] Royston P and S W. Stability of multivariable fractional polynomial models with 

selection of variables and transformations: a bootstrap investigation. Stat Med 

2003;22:639–59. https://doi.org/10.1002/sim.1310. 

[102] Riley RD and E J and KIE, Snell. Calculating the sample size required for developing 

a clinical prediction model. BMJ 2020;368:m441. https://doi.org/10.1136/bmj.m441. 

[103] Riley RD and S KI and J, Ensor. Minimum sample size for developing a multivariable 

prediction model: PART II—binary and time-to-event outcomes. Stat Med 2019;38:1276–

96. https://doi.org/10.1002/sim.7992. 

[104] Riley RD and C B and Collins, GS. A note on estimating the Cox-Snell -R2 from a 

reported C statistic (AUROC) to inform sample size calculations for developing a 

prediction model with a binary outcome. Stat Med 2021;40:859–64. 

https://doi.org/10.1002/sim.8806. 

[105] Moons KG and A DG and JB, Reitsma. Transparent Reporting of a multivariable 

prediction model for Individual Prognosis or Diagnosis (TRIPOD): explanation and 

elaboration. Ann Intern Med 2015;162:1–73. https://doi.org/10.7326/M14-0698. 

[106] Steyerberg EW and V AJ and NR, Cook and Gerds, TA and Kattan, M. Assessing the 

performance of prediction models: a framework for traditional and novel measures. 

Epidemiology 2010;21:128–38. https://doi.org/10.1097/EDE.0b013. 

[107] Belsley DA and K E and Welsch, RE. Detecting and assessing collinearity. Regression 

diagnostics: Wiley series in probability and statistics. Wiley, Hoboken; 2005. 

[108] Royston P, Sauerbrei. Multivariable Model - Building: A Pragmatic Approach to 

Regression Anaylsis based on Fractional Polynomials for Modelling Continuous 

Variables | Wiley. WileyCom n.d. https://www.wiley.com/en-

us/Multivariable+Model+Building%3A+A+Pragmatic+Approach+to+Regression+Anay

lsis+based+on+Fractional+Polynomials+for+Modelling+Continuous+Variables-p-

9780470028421 (accessed May 9, 2022). 



 97 

[109] Guu TW, Brem AK, Albertyn CP, Kandangwa P, Aarsland D, ffytche D. Wrist-worn 

actigraphy in agitated late-stage dementia patients: a feasibility study on digital inclusion. 

Alzheimers Dement 2024;20:3211–8. https://doi.org/10.1002/alz.13772. 

[110] Cote AC, Phelps RJ, Kabiri NS, Bhangu JS, Thomas K. Evaluation of wearable 

technology in dementia: a systematic review and meta-analysis. Front Med 2021;7. 

https://doi.org/10.3389/fmed.2020.501104. 

[111] Salehi W, Gupta G, Bhatia S, Koundal D, Mashat A, Belay A. IoT-Based wearable devices 

for patients suffering from Alzheimer disease. Contrast Media Mol Imaging 2022. 

https://doi.org/10.1155/2022/3224939. 

[112] Gao C, Chapagain NY, Scullin MK. Sleep duration and sleep quality in caregivers of 

patients with dementia: a systematic review and meta-analysis. JAMA Netw Open 2019;2. 

https://doi.org/10.1001/jamanetworkopen.2019.9891. 

[113] Mattos MK, Bernacchi V, Shaffer KM, Gallagher V, Seo S, Jepson L, et al. Sleep and 

caregiver burden among caregivers of persons living with dementia: a scoping review. 

Innov Aging 2024;8. https://doi.org/10.1093/geroni/igae005. 

[114] Tricco AC, Lillie E, Zarin W, O’Brien KK, Colquhoun H, Levac D, et al. PRISMA 

Extension for Scoping Reviews (PRISMA-ScR): Checklist and Explanation. Ann Intern 

Med 2018;169:467–73. https://doi.org/10.7326/M18-0850. 

[115] Moher D, Liberati A, Tetzlaff J, Altman DG, Altman D, Antes G, et al. Preferred 

reporting items for systematic reviews and meta-analyses: The PRISMA statement. PLoS 

Med 2009;6. https://doi.org/10.1371/journal.pmed.1000097. 

[116] Chen C, Ding S, Wang J. Digital health for aging populations. Nat Med 2023;29:1623–

30. https://doi.org/10.1038/s41591-023-02391-8. 

[117] Ouzzani M, Hammady H, Fedorowicz Z, Elmagarmid A. Rayyan—a web and mobile 

app for systematic reviews. Syst Rev 2016;5:210. https://doi.org/10.1186/s13643-016-

0384-4. 

[118] Pollak CP, Stokes PE. Circadian rest-activity rhythms in demented and nondemented 

older community residents and their caregivers. J Am Geriatr Soc 1997;45:446–52. 

https://doi.org/10.1111/j.1532-5415.1997.tb05169.x. 

[119] Smagula SF, Hasler BP, Schulz R, Graves JL, Reynolds CF, Aizenstein HJ, et al. 

Activity patterns related to depression symptoms in stressed dementia caregivers. Int 

Psychogeriatr 2023;35:373–80. https://doi.org/10.1017/S1041610219001601. 

[120] Rowe MA, McCrae CS, Campbell JM, Benito AP, Cheng J. Sleep pattern differences 

between older adult dementia caregivers and older adult noncaregivers using objective 



 98 

and subjective measures. J Clin Sleep Med 2008;4:362–9. 

https://doi.org/10.5664/jcsm.27238. 

[121] Sakurai S, Onishi J, Hirai M. Impaired autonomic nervous system activity during sleep 

in family caregivers of ambulatory dementia patients in Japan. Biol Res Nurs 2015;17:21–

8. https://doi.org/10.1177/1099800414524050. 

[122] Song Y, Moore RC, Jeste DV, Brecht ML, Ancoli-Israel S, Mausbach BT, et al. 

Discrepancy between self-reported and objective sleep duration among dementia 

caregivers and noncaregivers. J Clin Sleep Med 2022;18:1945–52. 

https://doi.org/10.5664/jcsm.10030. 

[123] McCurry SM, Gibbons LE, Logsdon RG, Vitiello MV, Teri L. Nighttime insomnia 

treatment and education for Alzheimer’s disease: a randomized, controlled trial. J Am 

Geriatr Soc 2005;53:793–802. https://doi.org/10.1111/j.1532-5415.2005.53252.x. 

[124] Merrilees J, Hubbard E, Mastick J, Miller BL, Dowling GA. Rest-activity and 

behavioral disruption in a patient with frontotemporal dementia. Neurocase 2009;15:515–

26. https://doi.org/10.1080/13554790903061371. 

[125] Higgins PA, Hornick TR, Figueiro MG. Rest-activity and light exposure patterns in the 

home setting: A methodological case study. Am J Alzheimers Dis Other Demen 

2010;25:353–61. https://doi.org/10.1177/1533317510363467. 

[126] Merrilees J, Hubbard E, Mastick J, Miller BL, Dowling GA. Sleep in persons with 

frontotemporal dementia and their family caregivers. Nurs Res 2014;63:129–36. 

https://doi.org/10.1097/NNR.0000000000000024. 

[127] McCurry SM, Pike KC, Vitiello MV, Logsdon RG, Teri L. Factors associated with 

concordance and variability of sleep quality in persons with Alzheimer’s disease and their 

caregivers. Sleep 2008;31:741–8. https://doi.org/10.1093/sleep/31.5.741. 

[128] Akkerman RL, Ostwald SK. Reducing anxiety in Alzheimer’s disease family 

caregivers: the effectiveness of a nine-week cognitive-behavioral intervention. Am J 

Alzheimer’s Dis Dement 2004;19:117–23. 

https://doi.org/10.1177/153331750401900202. 

[129] Figueiro MG, Hunter CM, Higgins PA, Hornick TR, Jones GE, Plitnick B, et al. Tailored 

lighting intervention for persons with dementia and caregivers living at home. Sleep 

Health 2015;1:322–30. https://doi.org/10.1016/j.sleh.2015.09.003. 

[130] Lee D, Morgan K, Lindesay J. Effect of institutional respite care on the sleep of people 

with dementia and their primary caregivers. J Am Geriatr Soc 2007;55:252–8. 

https://doi.org/10.1111/j.1532-5415.2007.01036.x. 



 99 

[131] Sakurai S, Kohno Y. Effectiveness of respite care via short-stay services to support sleep 

in family caregivers. Int J Environ Res Public Health 2020;17. 

https://doi.org/10.3390/ijerph17072428. 

[132] Marquez DX, Bustamante EE, Kozey-Keadle S, Kraemer J, Carrion I. Physical activity 

and psychosocial and mental health of older caregivers and non-caregivers. Geriatr Nur 

(Lond) 2012;33:358–65. https://doi.org/10.1016/j.gerinurse.2012.03.003. 

[133] Merrilees J, Dowling GA, Hubbard E, Mastick J, Ketelle R, Miller BL. Characterization 

of apathy in persons with frontotemporal dementia and the impact on family caregivers. 

Alzheimer Dis Assoc Disord 2013;27:62–7. 

https://doi.org/10.1097/WAD.0b013e3182471c54. 

[134] Carpenter CA, Miller MC, Sui X, West DS. Weight status and sedentary behavior of 

Alzheimer’s disease caregivers. Am J Health Behav 2020;44:3–12. 

https://doi.org/10.5993/AJHB.44.1.1. 

[135] Farina N, McArdle R, Lowry RG, Banerjee S. Physical activity patterns within dementia 

care dyads. J Aging Phys Act 2024:1–8. https://doi.org/10.1123/japa.2023-0078. 

[136] De Dios-Rodríguez E, Patino-Alonso C, González-Sánchez S, Tamayo-Morales O, 

Ripoll J, Mora-Simón S, et al. Promoting Physical Activity in a Primary Care Practice in 

People Living with Dementia and Their Family Caregivers. Healthcare 2023;11:1255. 

https://doi.org/10.3390/healthcare11091255. 

[137] Kajiwara K, Mantani A, Noto H, Miyashita M. The relationship between caregiver 

burden and caregiver pulse rate measured by using a wristwatch-type pulsimeter with 

accelerometer in home-based family caregivers for persons with dementia: pilot study. 

Psychogeriatrics 2019;19:83–4. https://doi.org/10.1111/psyg.12364. 

[138] Lai Kwan C, Mahdid Y, Motta Ochoa R, Lee K, Park M, Blain-Moraes S. Wearable 

Technology for Detecting Significant Moments in Individuals with Dementia. BioMed 

Res Int 2019;2019:1–13. https://doi.org/10.1155/2019/6515813. 

[139] Martelli D, Silvani A, Mcallen RM, May CN, Ramchandra R. The low frequency power 

of heart rate variability is neither a measure of cardiac sympathetic tone nor of baroreflex 

sensitivity. Am J Physiol 2014;307:1005–12. 

https://doi.org/10.1152/ajpheart.00361.2014. 

[140] Beaudreau SA, Spira AP, Gray HL, Long J, Rothkopf M, Gallagher-Thompson D. The 

relationship between objectively measured sleep disturbance and dementia family 

caregiver distress and burden. J Geriatr Psychiatry Neurol 2008;21:159–65. 

https://doi.org/10.1177/0891988708316857. 



 100 

[141] Peng HL, Lorenz RA, Chang YP. Factors associated with sleep in family caregivers of 

individuals with dementia. Perspect Psychiatr Care 2019;55:95–102. 

https://doi.org/10.1111/ppc.12307. 

[142] Sadeghi R, Banerjee T, Hughes JC, Lawhorne LW. Sleep quality prediction in caregivers 

using physiological signals. Comput Biol Med 2019;110:276–88. 

https://doi.org/10.1016/j.compbiomed.2019.05.010. 

[143] Chang YP, Lorenz RA, Phillips M, Peng HL, Szigeti K. Fatigue in family caregivers of 

individuals with dementia: associations of sleep, depression, and care recipients’ 

functionality. J Gerontol Nurs 2020;46:14–8. https://doi.org/10.3928/00989134-

20200527-01. 

[144] Simpson C, Carter PA. Pilot study of a brief behavioral sleep intervention for caregivers 

of individuals with dementia. Res Gerontol Nurs 2010;3:19–29. 

https://doi.org/10.3928/19404921-20090731-02. 

[145] Calderón-Larrañaga A, Vetrano DL, Onder G, Gimeno-Feliu LA, Coscollar-Santaliestra 

C, Carfí A, et al. Assessing and Measuring Chronic Multimorbidity in the Older 

Population: A Proposal for Its Operationalization. J Gerontol A Biol Sci Med Sci 

2017;72:1417–23. https://doi.org/10.1093/gerona/glw233. 

[146] Amuthavalli Thiyagarajan J, Mikton C, Harwood RH, Gichu M, Gaigbe-Togbe V, 

Jhamba T, et al. The UN Decade of healthy ageing: strengthening measurement for 

monitoring health and wellbeing of older people. Age Ageing 2022;51:afac147. 

https://doi.org/10.1093/ageing/afac147. 

[147] Trevisan C, Vetrano DL, Calvani R, Picca A, Welmer A. Twelve‐year sarcopenia 

trajectories in older adults: results from a population‐based study. J Cachexia Sarcopenia 

Muscle 2022;13:254–63. https://doi.org/10.1002/jcsm.12875. 

[148] Rowe JW, Kahn RL. Successful aging. The Gerontologist 1997;37:433–40. 

https://doi.org/10.1093/geront/37.4.433. 

[149] Anton SD, Woods AJ, Ashizawa T, Barb D, Buford TW, Carter CS, et al. Successful 

aging: Advancing the science of physical independence in older adults. Ageing Res Rev 

2015;24:304–27. https://doi.org/10.1016/j.arr.2015.09.005. 

[150] Grande G, Vetrano DL, Fratiglioni L, Marseglia A, Vanacore N, Laukka EJ, et al. 

Disability trajectories and mortality in older adults with different cognitive and physical 

profiles. Aging Clin Exp Res 2020;32:1007–16. https://doi.org/10.1007/s40520-019-

01297-1. 



 101 

[151] Montero-Odasso M, Verghese J, Beauchet O, Hausdorff JM. Gait and cognition: a 

complementary approach to understanding brain function and the risk of falling. J Am 

Geriatr Soc 2012;60:2127–36. https://doi.org/10.1111/j.1532-5415.2012.04209.x. 

[152] Atkinson HH, Rosano C, Simonsick EM, Williamson JD, Davis C, Ambrosius WT, et 

al. Cognitive Function, Gait Speed Decline, and Comorbidities: The Health, Aging and 

Body Composition Study. J Gerontol Ser A 2007;62:844–50. 

https://doi.org/10.1093/gerona/62.8.844. 

[153] Grande G, Triolo F, Nuara A, Welmer A-K, Fratiglioni L, Vetrano DL. Measuring gait 

speed to better identify prodromal dementia. Exp Gerontol 2019;124:110625. 

https://doi.org/10.1016/j.exger.2019.05.014. 

[154] Artaud F, Singh-Manoux A, Dugravot A, Tzourio C, Elbaz A. Decline in Fast Gait Speed 

as a Predictor of Disability in Older Adults. J Am Geriatr Soc 2015;63:1129–36. 

https://doi.org/10.1111/jgs.13442. 

[155] Studenski S, Perera S, Patel K, Rosano C, Faulkner K, Inzitari M, et al. Gait Speed and 

Survival in Older Adults. JAMA 2011;305:50–8. https://doi.org/10.1001/jama.2010.1923. 

[156] Cawthon PM, Visser M, Arai H, Ávila-Funes JA, Barazzoni R, Bhasin S, et al. Defining 

terms commonly used in sarcopenia research: a glossary proposed by the Global 

Leadership in Sarcopenia (GLIS) Steering Committee. Eur Geriatr Med 2022;13:1239–

44. https://doi.org/10.1007/s41999-022-00706-5. 

[157] Cruz-Jentoft AJ, Bahat G, Bauer J, Boirie Y, Bruyère O, Cederholm T, et al. Sarcopenia: 

Revised European consensus on definition and diagnosis. Age Ageing 2019. 

https://doi.org/10.1093/ageing/afy169. 

[158] Brito LBB de, Ricardo DR, Araújo DSMS de, Ramos PS, Myers J, Araújo CGS de. 

Ability to sit and rise from the floor as a predictor of all-cause mortality. Eur J Prev 

Cardiol 2014;21:892–8. https://doi.org/10.1177/2047487312471759. 

[159] Okoye C, Qiu C, Xia X, Lip GYH, Bellelli G, Welmer A-K, et al. Atrial fibrillation 

accelerates functional decline in older adults: a 15-year follow-up population-based study. 

Europace 2024;26:euae173. https://doi.org/10.1093/europace/euae173. 

[160] van Oostrom SH, Gijsen R, Stirbu I, Korevaar JC, Schellevis FG, Picavet HSJ, et al. 

Time Trends in Prevalence of Chronic Diseases and Multimorbidity Not Only due to 

Aging: Data from General Practices and Health Surveys. PloS One 2016;11:e0160264. 

https://doi.org/10.1371/journal.pone.0160264. 



 102 

[161] Yao S-S, Meng X, Cao G-Y, Huang Z-T, Chen Z-S, Han L, et al. Associations between 

Multimorbidity and Physical Performance in Older Chinese Adults. Int J Environ Res 

Public Health 2020;17:4546. https://doi.org/10.3390/ijerph17124546. 

[162] Alcazar J, Losa-Reyna J, Rodriguez-Lopez C, Alfaro-Acha A, Rodriguez-Mañas L, Ara 

I, et al. The sit-to-stand muscle power test: An easy, inexpensive and portable procedure 

to assess muscle power in older people. Exp Gerontol 2018;112:38–43. 

https://doi.org/10.1016/j.exger.2018.08.006. 

[163] Grande G, Marengoni A, Vetrano DL, Roso‐Llorach A, Rizzuto D, Zucchelli A, et al. 

Multimorbidity burden and dementia risk in older adults: The role of inflammation and 

genetics. Alzheimers Dement 2021;17:768–76. https://doi.org/10.1002/alz.12237. 

[164] Tazzeo C, Rizzuto D, Calderón-Larrañaga A, Roso-Llorach A, Marengoni A, Welmer 

A-K, et al. Multimorbidity patterns and risk of frailty in older community-dwelling adults: 

a population-based cohort study. Age Ageing 2021;50:2183–91. 

https://doi.org/10.1093/ageing/afab138. 

[165] Violan C, Foguet-Boreu Q, Flores-Mateo G, Salisbury C, Blom J, Freitag M, et al. 

Prevalence, determinants and patterns of multimorbidity in primary care: a systematic 

review of observational studies. PloS One 2014;9:e102149. 

https://doi.org/10.1371/journal.pone.0102149. 

[166] Marengoni A, Roso-Llorach A, Vetrano DL, Fernández-Bertolín S, Guisado-Clavero M, 

Violán C, et al. Patterns of Multimorbidity in a Population-Based Cohort of Older People: 

Sociodemographic, Lifestyle, Clinical, and Functional Differences. J Gerontol Ser A 

2019:glz137. https://doi.org/10.1093/gerona/glz137. 

[167] Akugizibwe R, Calderón-Larrañaga A, Roso-Llorach A, Onder G, Marengoni A, 

Zucchelli A, et al. Multimorbidity Patterns and Unplanned Hospitalisation in a Cohort of 

Older Adults. J Clin Med 2020;9:4001. https://doi.org/10.3390/jcm9124001. 

[168] Guralnik JM, Simonsick EM, Ferrucci L, Glynn RJ, Berkman LF, Blazer DG, et al. A 

Short Physical Performance Battery Assessing Lower Extremity Function: Association 

With Self-Reported Disability and Prediction of Mortality and Nursing Home Admission. 

J Gerontol 1994;49:M85–94. https://doi.org/10.1093/geronj/49.2.M85. 

[169] Ferrucci L, Fabbri E. Inflammageing: chronic inflammation in ageing, cardiovascular 

disease, and frailty. Nat Rev Cardiol 2018;15:505–22. https://doi.org/10.1038/s41569-

018-0064-2. 



 103 

[170] Koike A, Koyama Y, Itoh H, Adachi H, Marumo F, Hiroe M. Prognostic Significance of 

Cardiopulmonary Exercise Testing for 10-Year Survival in Patients With Mild to 

Moderate Heart Failure. Jpn Circ J 2000;64:915–20. https://doi.org/10.1253/jcj.64.915. 

[171] Kobayashi T, Iwasaki T, Kurata H, Nikaido A, Hata Y. The 30-second chair stand test 

(CS30) as a predictor of exercise tolerance in elderly individuals (≥75 years) with stage 

A/B heart failure. IJC Heart Vasc 2024;53:101442. 

https://doi.org/10.1016/j.ijcha.2024.101442. 

[172] Nakamura K, Nagasawa Y, Sawaki S, Yokokawa Y, Ohira M, Sato Y. An Incremental 

Sit-to-Stand Exercise for Evaluating Physical Capacity in Older Patients with Type 2 

Diabetes. Tohoku J Exp Med 2019;249:241–8. https://doi.org/10.1620/tjem.249.241. 

[173] Díaz-Balboa E, González-Salvado V, Rodríguez-Romero B, Martínez-Monzonís A, 

Pedreira-Pérez M, Cuesta-Vargas AI, et al. Thirty-second sit-to-stand test as an alternative 

for estimating peak oxygen uptake and 6-min walking distance in women with breast 

cancer: a cross-sectional study. Support Care Cancer 2022;30:8251–60. 

https://doi.org/10.1007/s00520-022-07268-z. 

[174] Izquierdo M, Merchant RA, Morley JE, Anker SD, Aprahamian I, Arai H, et al. 

International Exercise Recommendations in Older Adults (ICFSR): Expert Consensus 

Guidelines. J Nutr Health Aging 2021;25:824–53. https://doi.org/10.1007/s12603-021-

1665-8. 

[175] García-Hermoso A, Ramirez-Vélez R, Sáez de Asteasu ML, Martínez-Velilla N, 

Zambom-Ferraresi F, Valenzuela PL, et al. Safety and Effectiveness of Long-Term 

Exercise Interventions in Older Adults: A Systematic Review and Meta-analysis of 

Randomized Controlled Trials. Sports Med Auckl NZ 2020;50:1095–106. 

https://doi.org/10.1007/s40279-020-01259-y. 

[176] Valenzuela PL, Saco-Ledo G, Morales JS, Gallardo-Gómez D, Morales-Palomo F, 

López-Ortiz S, et al. Effects of physical exercise on physical function in older adults in 

residential care: a systematic review and network meta-analysis of randomised controlled 

trials. Lancet Healthy Longev 2023;4:e247–56. https://doi.org/10.1016/S2666-

7568(23)00057-0. 

[177] Valenzuela PL, Morales JS, Castillo-García A, Mayordomo-Cava J, García-Hermoso A, 

Izquierdo M, et al. Effects of exercise interventions on the functional status of acutely 

hospitalised older adults: A systematic review and meta-analysis. Ageing Res Rev 

2020;61:101076. https://doi.org/10.1016/j.arr.2020.101076. 



 104 

[178] Bernabei R, Landi F, Calvani R, Cesari M, Del Signore S, Anker SD, et al. 

Multicomponent intervention to prevent mobility disability in frail older adults: 

randomised controlled trial (SPRINTT project). BMJ 2022;377:e068788. 

https://doi.org/10.1136/bmj-2021-068788. 

 


