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Healthy ageing: definition and measures 

Although it is difficult to define healthy (or successful) ageing in a precise manner, this can 

be resumed as a composite condition characterized by lack of disease or illness, maintenance 

of intact physical and cognitive functions and active engagement in every-day life activities 

(1,2). This definition implies that different domains should be assessed to measure the 

healthy ageing status, including physiological and metabolic health, physical capability, 

cognitive function, psychological and social wellbeing (3). As a consequence, a number of 

measures have been proposed to investigate these domains (3,4). In addition to morbidity and 

mortality rates, some of the most used measures include instrumental measures of frailty, 

such as walking speed (time spent to walk a given distance), strength of hand-grip, cognitive 

performance and fluid intelligence (measured through specific psychometric tests) or lung 

function, which can be tested through different instrumental parameters (e.g. forced 

expiratory volume in 1 second, also known as FEV1) (3,4). However, these measures work 

well in the elder population, while their applicability and efficacy among younger people is 

doubtful (4). This limitation partially applies also to measures of psychosocial wellbeing, 

which are aimed at assessing domains like depression and quality of life, often affected in the 

elders. Other complementary measures include more objective parameters, like 

cardiovascular parameters and hospitalization events, although much work remains to be 

done in order to validate these as healthy ageing indexes (4). In all likelihood, one of the most 

effective approaches to measure healthy ageing remain to test all of the relevant domains 

through specific tests and/or parameters, and then build composite indexes, as already 

proposed elsewhere (3). 

Supervised machine learning: a brief definition 

Supervised machine learning represents a group of algorithms which, based on a number of 

input variables (or features), learn to predict a known outcome (either categorical or 

continuous variables), usually called label. This is accomplished through a phase in which the 

algorithm trains to predict the label as accurately as possible, which takes place in a training 

set, and a phase where the accuracy and robustness of the model is tested in an independent 

dataset, the test set. The advantage of ML algorithms is that they allow to model complex 

relationships of several features with the label, in a way that could not be possible through 

classical statistical methods. 
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Accuracy metrics 

The following parameters are used as accuracy metrics for supervised ML algorithms aimed 

at the estimation of Biological Age (5). 

Pearson correlation coefficient, which shows the strength of linear association between 

Chronological Age (CA) and Biological Age (BA) 

where xi is the CA value and x¯ is the mean of x, yi is the predicted BA value and y¯ is the 

mean of y, N is the number of samples. 

Coefficient of determination, indicating the proportion of variance in CA explained by BA 

where yi is the real CA value, yi^ is the predicted BA value, and y′ is the mean of y. 

Mean absolute error, which represents the average discrepancy (in absolute value) between 

Biological and Chronological Age 

where yi^ is the predicted BA value, yi is is the real CA value, and N is a number of samples 

over which the average is computed. 

Given an arbitrary epsilon (ε) value, ε-accuracy represents the probability that a given 

predicted BA value falls within a ± ε years interval from the CA value. In other words, 
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where A = [yi − ε; yi + ε], yi is the real CA value, yi^ is the predicted BA value. This measure 

is of course influenced by the ε value chosen, which determines the width of the interval and 

the level of accuracy of the statistics. As an example, for a subject with CA = 60 years and a 

predicted BA = 54 years, the ML model is considered to predict correctly BA if ε = 10 (i.e., 

within the age range [50;70] years), but not if  ε = 5 (i.e., within the age range [55;60]). 

Given a Biological and Chronological Age value, log2 Aging Ratio represents an index of the 

relationship between the two measures (i.e. how larger or smaller BA is compared to CA in a 

subject): 

where yi^ is the predicted BA value and yi is is the real CA value. A log2 Aging ratio of 1 

indicates that the sample is predicted to be twofold older than its CA, while a log2 Aging 

ratio of −1 means the sample is predicted to be half as old. 

Brief overview of variables and data available in the Moli-sani study 

The Moli-sani study is a population-based cohort of 24,325 citizens (age≥35 years; 51.5% 

women) from the Molise region, Italy, recruited between 2005 and 2010. In this cohort - 

which represents about 10% of the total Molise population – a number of clinical, 

biochemical, lifestyle, instrumental and other medical variables of interest have been 

collected, with the purpose of investigating genetic and environmental risk/protection factors 

for different clinical conditions (14). These include: 

 anthropometric measures, personal and family history of health and disease;
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 the Italian version of the EPIC food frequency questionnaire (15), allowing analyses 

of diet and dietary components;

 instrumental spirometry and electrocardiogram (ECG) measures;

 blood circulating biomarkers, including basic biochemical tests, blood cell counts, and

many others;

 socio-economic variables, including educational level, household income,

occupational class, housing, socioeconomic status during childhood, marital status,

household crowding;

 psychometric scores including health-related quality of life, psychological resilience,

depression and anxiety and suicidal ideation.

In addition, we have carried out passive follow-up based on linkage with hospital discharge 

records and regional mortality registry- at December 2011 (median follow-up time 4.3 years) 

and at December 2014 (7.5 years). Outcomes analysed included mortality for all and specific 

causes, hospitalizations, coronary artery disease, stroke, atrial fibrillation, heart failure, 

diabetes and cancer. We are currently starting a project to link these data with Magnetic 

Resonance Imaging (MRI), Positron Emission Tomography (PET) and other neuroimaging 

analyses carried out in our household clinics (IRCCS Neuromed). Moreover, we have the 

potential to retrieve drug therapy information for each of our subjects, thanks to the Drug 

prescription registry of the Regional Health System (ASReM), and to rescue information 

about exposure to environmental pollution through geo-localization and linkage to detailed 

particulate matter (PM) levels maps (16).  

In 2018, the active follow-up recruitment of the cohort was started, to re-run all the tests 

previously administered at baseline, as well as new cognitive tests, and we are planning to 

carry out  MRI scanning of part of the subjects involved. This will allow us to exploit further 

longitudinal data to improve our predictions and models. 
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Figure S1. Different organ- and system-specific BA estimations, and potential sources of 

data available in the Moli-sani study. Here, we did not include blood-based methods, which 

we consider an approach for the estimation of organismal BA. Abbreviations: ECG 

= electrocardiogram; MRI = magnetic resonance imaging. 
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Source Variables # Observations # 

Diet Questionnaires 1,600 38,920,000 

Spirometry 153 3,721,725 

ECG 617 15,008,525 

Clinical history 2,100 51,082,500 

Family history of disease 841 20,457,325 

Circulating biomarkers 592 14,400,400 

Passive follow-up 680 16,564,664 

Total 6,583 160,155,139 

Table S1. Summary of all the variables and observations available in the Moli-sani study for 

use in big data projects. Note: these figures do not include data produced by the 

active follow-up, which is currently ongoing, as well as potentially available data 

on drug prescriptions and environmental pollution (see above for details). Abbreviations:  

ECG = electrocardiogram. 
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