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Abstract 25 

Background: Generalized, biomarker-based metrics of health status have numerous 26 

applications in fields ranging from sociology and economics to clinical research. We 27 

recently proposed a novel metric of health status based on physiological dysregulation 28 

measured as a Mahalanobis distance (DM) among clinical biomarkers. While DM was not 29 

particularly sensitive to the choice of biomarkers, it required calibration when used in 30 

different populations, making it difficult to compare findings across studies. To facilitate its 31 

use, here we aimed to identify and validate a standard version of DM that would be highly 32 

stable across populations, while using fewer biomarkers drawn exclusively from common 33 

blood panels. Methods: Using three datasets, we identified nine-biomarker (DM9) and 34 

seventeen-biomarker (DM17) versions of DM, choosing biomarkers based on their 35 

consistent levels across populations. We validated them in a fourth dataset. We assessed DM 36 

stability within and across populations by looking at correlations of DM versions calibrated 37 

using different populations or their demographic subsets. We used regression models to 38 

compare these standard DM versions to allostatic load and self-assessed health in their 39 

association with diverse health outcomes. Results: DM9 and DM17 were highly stable 40 

across population subsets (mean r = 0.96 and 0.95, respectively) and across populations 41 

(mean r = 0.94 for both). Performance predicting health outcomes was competitive with 42 

allostatic load and self-assessed health, though performance of these markers were 43 

somewhat variable for different health outcomes. Conclusions: Both DM9 and DM17 are 44 

highly stable within and across populations, supporting their use as objective metrics of 45 

health status. DM17 performs slightly better than DM9 and at least as well as other 46 

comparable metrics, but requires more biomarkers. The metrics we propose here are easy to 47 

measure with data that are available in a wide array of panel, cohort, and clinical studies.  48 
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 52 

Background 53 

A key challenge in the study of population health is the operationalization of a metric for 54 

global health status. In addition to potential clinical use at the individual level, such a metric 55 

would serve many purposes at the population level. It could serve as a control/adjustment 56 

variable, similar to how socioeconomic status and age are adjusted for in many 57 

epidemiological studies. It could serve as a short-term or intermediate outcome for 58 

interventions, either clinical or policy. It could be used by diverse fields ranging from health 59 

economics to sociology, demography, epidemiology, and clinical research. One approach to 60 

this problem has been using subjective metrics of global health such as self-reported health. 61 

However, subjective perception of health is conditioned by cultural or social norms as well 62 

as by medical diagnosis and access to health-care resources [1]. Thus, unless a subjective 63 

component is a main dimension to be addressed, it may be preferable to use objective health 64 

metrics that tend to be more stable [2], although specific criteria for their construction is still 65 

a matter of discussion.  66 

 67 

A major challenge is that health is unquestionably multidimensional, and summarizing 68 

information from different indicators into a single index is not a straightforward problem. 69 

Defining the dimensions is challenging and has not yet been the study of rigorous study, to 70 

our knowledge. Various metrics of comorbidity, multimorbidity and frailty have been 71 
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proposed in the literature [3–5], though most of them show limited variation among healthy 72 

younger and middle-aged adults because they are based on elements that only occur late in 73 

life. In this context, the deficit accumulation approach to frailty, based on a simple count of 74 

potential health deficits present in an individual, is particularly attractive because it is 75 

relatively robust to the precise choice of deficits in the list and health deficits can thus 76 

identify a wide range of severities, some of which are manifested even in younger 77 

individuals [6,7]. But despite the wide use of metrics based on deficit accumulation, a 78 

standardized version has yet to be developed [8].  79 

 80 

On the other hand, there are biomarker-based metrics that attempt to integrate the signal of 81 

multiple aspects of health. Perhaps the best-known of these is allostatic load [9]. Allostatic 82 

load is based on the theory that chronic stress can leave physiological sequalae that can be 83 

measured by creating a metric of common biomarkers linked to appropriate physiological 84 

systems: neuro-endocrine stress (cortisol, epinephrine, norepinephrine), metabolic markers 85 

(blood pressure, lipid profiles, glucose metabolism, obesity metrics), as well as a few 86 

additional biomarkers (inflammatory markers, DHEA-S, IGF-1, etc.) [10,11]. However, 87 

allostatic load is challenging because it is conceptualized based on circular reasoning: the 88 

proxy metrics are chosen because of their known association with health and aging, so it is 89 

unsurprising the sum does as well [12]. Because it is often operationalized as a count of how 90 

many of the factors exceed clinical bounds, measures of allostatic load end up resembling 91 

comorbidity metrics in many ways, though the latter are generally not biomarker based. 92 

 93 
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Recently, our lab group has developed an alternative biomarker-based metric of 94 

physiological dysregulation based on a statistical distance (specifically, Mahalanobis 95 

distance) among biomarkers [13]. The idea is that a population average is an approximation 96 

of a homeostatic state, and that deviations from this multivariate biomarker average 97 

represent dysregulation and thus should increase with age and predict poor health state. 98 

Indeed, we have shown that dysregulation rates increase with age within individuals, and 99 

predict multiple health outcomes (mortality, frailty, various chronic diseases) after 100 

controlling for age [14,15]. A lack of sensitivity to precise biomarker choice, and an 101 

increasing signal with more biomarkers confirm a complex systems interpretation of 102 

dysregulation as an emergent property of physiological regulatory networks [16]. Results can 103 

be replicated in many human populations [13,14,17–27] and even in captive primates [28] 104 

and wild birds [29]. Lastly, dysregulation can be measured either globally or by specific 105 

physiological system [30], opening up the possibility for much more detailed 106 

characterization of health state. 107 

 108 

The dysregulation approach presents a number of clear advantages. All variables are left 109 

continuous, so there is no information loss due to categorization. The scale from 0 to infinity 110 

is appropriate for measuring dysregulation. Because it uses distances from the mean of each 111 

biomarker rather than absolute levels, it agrees with theory on biological homeostasis, which 112 

suggests that intermediate values of individual biomarkers should generally be optimal, and 113 

with evidence that variance increases with dysregulation [31,32]. The Mahalanobis distance 114 

also incorporates the correlation structure of the variables, appropriately down-weighting 115 

redundancy among biomarkers. The insensitivity to biomarker choice means that it can be 116 
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easily applied in existing datasets, can be applied in clinical contexts, and can be applied 117 

cheaply without requiring fancy, cutting-edge biomarkers. Importantly, it avoids the 118 

circularity problems present with allostatic load and metrics of biological age: the 119 

biomarkers are not selected based on correlations with age or health state, and there is no 120 

required calibration with age or health state, so the signal is an independent indicator of 121 

physiological state. 122 

 123 

Nonetheless, some of these same advantages also present challenges. First, the possibility to 124 

use nearly any broad combination of biomarkers means that there is no standard version, and 125 

that values from one study cannot be compared directly to those from another. Second, while 126 

the approach works in every human population tested, differences in biomarker levels and 127 

correlations across populations mean that separate calibration (calculation of the mean vector 128 

and variance-covariance matrix) is required for each population. This poses problems for 129 

small studies (e.g. in clinical research) where the sample is too small to provide a robust 130 

estimation of these parameters. Third, the combination of these issues means that there are 131 

technical challenges for potential users who are less statistically inclined and would like a 132 

simple recipe or automatic calculator. 133 

 134 

Here, we present a standardized version of a biomarker-based global health metric that 135 

overcomes these problems. Specifically, we provide a clear methodology and rationale for 136 

choosing a subset of biomarkers that provide a strong signal, are readily available in most 137 

contexts, and can be calibrated across populations, not just within. We demonstrate the 138 

stability of the metric and its predictive power for health outcomes compared to self-reported 139 

health and allostatic load. We call the metric “DSign” for Dysregulation Signature, and 140 
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propose a principle version based on 17 biomarkers and a secondary version based on 9 141 

biomarkers, for cases in which all 17 may not be available. All biomarkers in both versions 142 

are standard clinical markers that can be readily measured in almost any setting for a very 143 

reasonable cost (e.g. <$1/marker). 144 

 145 

Methods 146 

Datasets 147 

To construct our standard DM versions, we used data from two longitudinal cohort studies 148 

and one cross-sectional survey (see Table 1 for details): the Baltimore Longitudinal Study of 149 

Aging (BLSA), Invecchiare in Chianti (InCHIANTI), and the National Health and Nutrition 150 

Examination Survey (NHANES). BLSA, one of the world's longest studies of aging in 151 

humans, is composed of community-dwelling adults in the Baltimore and Washington DC 152 

areas aged 21–96 [33]. A 2003 re-design of methodology was tailored to improve the 153 

inference for systems-level questions [34], and we use data on 1205 individuals from after 154 

this date. InCHIANTI is a prospective population-based study of 1156 adults aged 65–102 155 

and 299 aged 20–64, randomly selected using multistage stratified sampling from two towns 156 

in Tuscany, Italy [35]. NHANES is a continuous cross-sectional stratified survey designed to 157 

be representative of the US population. Data are updated approximately every year and are 158 

made available freely (Centers for Disease Control and Prevention of the U.S. Department of 159 

Health and Human Services; http://www.cdc.gov/nchs/nhanes.htm). We used individuals 160 

aged 20 years or older from the waves 1999–2000, 2001–2002, 2003–2004, 2005–2006, 161 

2007–2008, and 2009–2010, which have been described in detail elsewhere [36].  162 

http://www.cdc.gov/nchs/nhanes.htm
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Validation of our standard DM versions was performed with the Women’s Health and 163 

Aging Study (WHAS). WHAS is a population-based prospective study of community-164 

dwelling women drawn from eastern Baltimore City and Baltimore County, originally 165 

consisting of two separate studies: WHAS I, which includes 1002 women aged 65+ among 166 

the 1/3 most disabled in the population [37], and WHAS II, which includes 436 women aged 167 

70–79 among the 2/3 least disabled [38].  168 

 169 

Distance-based metric of physiological dysregulation  170 

To calculate our dysregulation score (DM), we consider individuals as points in a multi-171 

dimensional biomarker space, where each biomarker is an axis of the space. DM defines a 172 

reference population (RP) whose centroid approximates "the ideal state", and then calculates 173 

the Mahalanobis distance to the centroid for each individual, according to equation 1 [39]: 174 

   𝐷𝐷𝑀𝑀(𝑥𝑥) =  �(𝑥𝑥 − 𝜇𝜇)𝑇𝑇 Σ−1(𝑥𝑥 − 𝜇𝜇)                  (1) 175 

where 𝑥𝑥 is a vector of simultaneously observed values for the biomarkers, µ is the 176 

equivalent-length vector of means for each biomarker in the RP, and Σ  is the variance-177 

covariance matrix of the biomarkers in the RP. Before DM calculation, all variables are 178 

transformed as necessary (log or square root) to approach normality. For each biomarker, a 179 

single best transformation was identified across datasets. The Mahalanobis distance can 180 

become unreliable when the scales of the variables differ; we thus standardize each 181 

biomarker with respect to the mean and standard deviation of the RP. Because it is 182 

approximately log-normally distributed, we used the logarithm of DM in subsequent 183 

analyses. 184 
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In calculating DM, we do not give any special weight to any of the biomarkers over and 185 

above the weights implicit in the covariance matrix. Although certain biomarkers are well-186 

known to be important for certain diseases or physiological systems (e.g. glucose for 187 

diabetes), there is no consensus that one biomarker is more important for general health than 188 

another; subjective weighting of individual variables could thus introduce a bias in the 189 

metric. 190 

 191 

Selection of biomarkers 192 

Thirty-one biomarkers were available in all datasets in sufficient sample sizes (see 193 

Supplementary Table 1 and Supplementary Fig. 1 in Additional File 1): hemoglobin, 194 

hematocrit, red cell distribution width (RDW), mean corpuscular hemoglobin (MCH), mean 195 

corpuscular hemoglobin concentration (MCHC), red blood cell count (RBC), platelets, white 196 

blood cells (WBC), basophil percentage (BASO%), lymphocyte percentage (LYM%), 197 

monocyte percentage (MONO%), neutrophil percentage (NEUT%), ferritin, glucose, 198 

calcium, chloride, sodium, potassium, vitamin B12, folate, total cholesterol, triglycerides, 199 

high density lipoprotein (HDL), albumin, alkaline phosphatase (ALKP), total proteins, 200 

gamma-glutamyl transferase (GGT),  lactate dehydrogenase (LDH), uric acid, alanine 201 

transaminase (ALT), aspartate transaminase (AST).  202 

We used a multistep approach in order to select biomarkers that respond best to the 203 

following criteria: 1) stability of DM across various RPs; 2) biological signal, as measured 204 

by concordance with DM calculated using the full set (i.e. 31 biomarkers); 3) availability of 205 

biomarkers in clinical/research contexts; 4) diversity of physiological systems represented; 206 

5) redundancy among biomarkers; and 6) consistency of mean biomarker levels within and 207 

across populations. The detailed approach that led to our final sets of biomarkers can be 208 
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found in Additional File 1. Those final sets are the following: a 9-biomarker set (DM9) 209 

composed of MCH, RDW, platelets, RBC, hemoglobin, WBC, BASO%, HDL, and LYM%; 210 

and a 17-biomarker set (DM17) composed of the same biomarkers as DM9, but also 211 

including GGT, AST, ALKP, albumin, total proteins, calcium, potassium, and vitamin B12. 212 

 213 

Stability of final DM sets according to the choice of the reference population  214 

An important issue regarding DM calculation is the choice of the RP, which is used to 215 

calculate the centroid (the biomarker combination assumed to represent optimal health) as 216 

well as the variance-covariance matrix. While there are widely accepted normal ranges for 217 

individual biomarkers, there is no consensus on a point-wise multivariate centroid that 218 

represents optimal health status. Our previous work suggested that, while a younger and 219 

healthier RP could yield a slightly better signal, the RP should not be too demographically 220 

different from the study population [17]. The entire study population itself is generally a 221 

good approximation. While it might seem intuitive that the mean of a younger, healthier 222 

population should provide a better estimate of optimal state, many age-related changes in 223 

biomarkers may actually be compensations to other changes [40,41], raising the possibility 224 

that age-specific RPs could be preferable. Since we cannot separate out pathological changes 225 

from compensatory changes, in practice all RPs will confound these two effects to some 226 

extent. 227 

Our goal here was to choose biomarkers that are less sensitive to the choice of RP in 228 

order to eliminate the need to consider all these factors, and to facilitate the use of a single 229 

RP for nearly any study in nearly any context. We assessed the stability of our final sets 230 

within and across populations. To test for stability across RPs, we computed correlations 231 

between DM calculated using the study population as its own RP, or using another dataset as 232 
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the RP. Large numbers of such analyses were compiled in correlation matrices, and 233 

correlation coefficients were averaged. To test for stability within populations, we divided 234 

each dataset into subsets (by sex, age, race, education level, or marital status) and performed 235 

similar correlations, i.e. between DM calculated using a given subset as its own RP or using 236 

another subset.   237 

 238 

Association of final biomarker sets with mortality, frailty, and comorbidities 239 

To assess whether our final sets of biomarkers are truly representative of physiological 240 

dysregulation, we explored their association with mortality, clinical frailty, cardiovascular 241 

disease (CVD), diabetes, and the number of comorbidities, in the two datasets where the 242 

relevant information was available (InCHIANTI and WHAS). We performed analyses with 243 

DM calculated using either DM9, DM17, or the full set (31 biomarkers; DM31), allostatic 244 

load, and SAH. Allostatic load was calculated as closely as possible to previous publications 245 

[42,43] with the available biomarkers in InCHIANTI and WHAS; see Additional File 1 for 246 

details. To make the scales of DM, allostatic load, and SAH more comparable, we divided 247 

each score by its standard deviation (SD). Due to data availability differences, frailty was 248 

analyzed longitudinally in WHAS and cross-sectionally in InCHIANTI, while chronic 249 

diseases (CVD and diabetes) and the number of comorbidities were analyzed cross-250 

sectionally for WHAS but longitudinally for InCHIANTI (see Additional File 1 for details). 251 

The relationship between dysregulation scores and mortality was assessed using time-to-252 

event Cox proportional hazards models with age as the timescale. To study the relationship 253 

with frailty criteria and number of comorbidities we used Poisson regression. Logistic 254 

regression was used for individual chronic diseases. Age was rigorously controlled for using 255 
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a flexible cubic basis spline (bs function, fda package) with five degrees of freedom in 256 

InCHIANTI and four in WHAS. Poisson regressions and logistic regressions were 257 

implemented with Bayesian mixed models (MCMCglmm package) when longitudinal data 258 

were available, controlling for individual as a random effect (see Additional File 1 for 259 

details). For cross-sectional data, we used the glm function. We tested the relationship 260 

between dysregulation scores and each health outcome with three different models: 1) 261 

models that controlled for age and sex; 2) models that controlled for age, sex, and socio-262 

economic status (education level in InCHIANTI; race, income, and education level in 263 

WHAS); and 3) models that controlled for age, sex, and metrics of physical and cognitive 264 

functions (Mini Mental State Examination score and time to walk four meters). In all 265 

models, we used a composite RP composed of an equal number of individuals from 266 

InCHIANTI, BLSA, and NHANES (3414 subjects in total) for DM calculation (see 267 

Additional File 1 for details). For InCHIANTI, SAH ranged from “very poor” to “very 268 

good”, whereas in WHAS, it ranged from “excellent” to “poor”, both on a scale from 1 to 5. 269 

To facilitate comparison, we used inverted SAH scores for InCHIANTI, such that lower 270 

scores indicate better health and higher scores worst health, mirroring DM. Analyses were 271 

performed in R-3.2.2 and codes are available upon request. 272 

 273 

Results 274 

Establishment of biomarker suites 275 

We followed a detailed procedure (see Supplementary Methods section 1.5, Additional File 276 

1) to choose subsets of biomarkers that would provide a more stable version of DM. In 277 

particular, we first narrowed the list of 31 biomarkers down to 22 by eliminating those with 278 
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means that varied greatly across datasets relative to variability. Among these 22, we tested 279 

each combination of 5 or 10 biomarkers, and then evaluated the impact of 280 

including/excluding a biomarker in a combination on (a) how robust DM was to choice of 281 

reference population, and (b) how closely correlated it was with the full 31-biomarker 282 

version (Supplementary Table 2 and Supplementary Fig. 2, Additional File 1). For example, 283 

folate introduced a strong dependency of the signal on the reference population, probably 284 

due to fortification policies in the U.S., and was thus not retained in the final list. Other 285 

subject criteria (data availability, breadth of physiological representation) were also 286 

considered to arrive at final lists of 9 and 17 markers. 287 

 288 

Stability of DM9 and DM17 according to the choice of the reference population 289 

DM calculated with both final sets (DM9 and DM17) proved to be highly stable, i.e. the 290 

signal did not vary substantially across various definitions of the RP (Fig. 1 and 291 

Supplementary Figs. 3-5, Additional File 1). Figure 1 shows that DM9 and DM17 are more 292 

stable than DM31 when calculated using other datasets as the RP, with respective mean 293 

correlation coefficients of 0.95, 0.95, and 0.86. These results show that by restricting 294 

ourselves to biomarkers that vary less across different populations, we obtained a stable 295 

signal regardless of the choice of the reference population. DM calculated using various 296 

demographic subsets of the study population as the RP is similarly stable (mean correlation 297 

coefficients of 0.96, 0.96, and 0.95, respectively for DM9, DM17, and DM31, see 298 

Supplementary Figs. 3-5, Additional File 1). 299 

 300 

Association of DM9 and DM17 with health outcomes 301 
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Figs 2 and 3 show the associations of the various health metrics with health outcomes in 302 

InCHIANTI and WHAS, respectively. Generally speaking, all five metrics (DM9, DM17, 303 

DM31, allostatic load, and SAH) are competitive in their predictive ability, with some 304 

performing better in one analysis than another, but no clear “winner.” DM31 generally 305 

performed a bit better than DM17, which performed a bit better than DM9, as expected. All 306 

metrics are comparable for mortality prediction (mean hazard ratios of 1.21, 1.29, 1.27, 1.24, 307 

and 1.33 respectively for DM9, DM17, DM31, AL, and SAH); however, DM-based metrics 308 

tend to show less variation across datasets (Fig. 4). SAH appears to be more strongly 309 

associated with frailty than the biomarker-based metrics: estimated regression coefficients 310 

were of 0.41 and 0.29, respectively for InCHIANTI and WHAS, whereas other metrics only 311 

reached ~0.15 (Fig.4). In InCHIANTI, DM31 appeared to perform particularly well for CVD 312 

and diabetes prediction (mean odds ratios of 1.7 and 2.6, respectively), likely reflecting the 313 

inclusion of metabolic-syndrome-related biomarkers in this version. Similarly, the high 314 

performance of AL for diabetes prediction (mean odds ratio of 2.0) might be due to the 315 

inclusion of glucose in its calculation, as opposed to DM9 and DM17. Prediction of the 316 

number of comorbidities is also relatively similar across metrics, with mean estimated 317 

regression coefficients of 0.05, 0.10, 0.17, 0.11, and 0.24, respectively for DM9, DM17, 318 

DM31, AL, and SAH (Fig. 4).  319 

 320 

Discussion 321 

We have previously proposed a metric of physiological dysregulation (DM), based on 322 

statistical distance and relying exclusively on common clinical biomarkers [13]. Here we 323 

aimed to reduce the number of biomarkers used in its calculation so that DM can be used in 324 
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contexts where fewer biomarkers are available (e.g. in socio-economic studies) and to 325 

propose a version of DM that is highly stable across different populations, so that it can be 326 

easily compared across studies. We had previously shown that DM’s signal increases with 327 

the number of biomarkers included, although the value of additional markers diminishes as 328 

more are added [17], and that inclusion of 10-15 is generally sufficient. Using solely 329 

biomarkers from the complete blood count, the lipid and liver panels, as well as calcium and 330 

vitamin B12, we identified and validated two DM versions: a version using 17 biomarkers 331 

and a shorter version that uses only 9 biomarkers, excluding the ones that may be slightly 332 

less common (GGT, ALKP, AST, albumin, total proteins, calcium, and vitamin B12). Nine 333 

or 17 markers may seem like a lot, but eight are measured together in the complete blood 334 

count, while HDL is highly common, and many of the liver proteins are measured together 335 

in a panel; many existing studies already have all these markers. Both versions proved to be 336 

highly stable across various definitions of the RP and to provide good predictions of health 337 

outcomes, though the 17-biomarker version performs slightly better for prediction. We thus 338 

propose these dysregulation signatures (“DSign”) as generalized, objective metrics of health 339 

state, with DM17 to be preferred when possible. 340 

As expected, there was no clear “winner” among metrics of health state to predict various 341 

health outcomes. Some metrics performed better for certain outcomes or in one or the other 342 

dataset. For example, SAH performs best for predicting phenotypic frailty, an unsurprising 343 

result given that phenotypic frailty is diagnosed based on physical symptoms a patient would 344 

recognize rather than on measurement of the underlying pathology. Likewise, as expected, 345 

DM31 generally performs as well as or better than DM17 and DM9 for predicting health 346 

outcomes, particularly diabetes and CVD, which are related to some of the metabolic-347 
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syndrome-associated biomarkers that were eliminated in order to increase robustness of the 348 

signal. Nonetheless, for mortality, all metrics perform about equivalently. Interestingly, in 349 

most cases the strengths of the effects were minimally impacted by control for covariates, 350 

including socioeconomic status and markers of physical and cognitive functioning. This was 351 

true not just for versions of DM, but also allostatic load and SAH. Potentially, this is due the 352 

underlying health state mediating the impacts of the covariates on the outcomes. 353 

Health plays an important role in many study fields and efforts have been made in the 354 

search for robust and comparable health metrics. While many existing health metrics are 355 

good predictors of mortality, frailty and comorbidities, notably SAH, we believe it is 356 

meaningful to have an objective and continuously distributed metric of general health based 357 

on continuous variables (biomarkers). First, a continuous health metric can facilitate the 358 

estimation of the distribution of health states. Indices of health inequality can also be easily 359 

calculated with the continuous health metric. For example, the concentration index has 360 

become a standard metric to quantify income-related inequalities [44]. Strictly speaking, the 361 

concentration index is an appropriate metric of socioeconomic-related health inequality 362 

when health is measured on a ratio scale with a true zero [45]. Our health metric satisfies 363 

these requirements by definition, where a value of zero represents the ideal state of health. 364 

An application to the calculation of the concentration index was illustrated in a working 365 

paper [46]. Second, a continuous health metric facilitates the use of certain statistical tools, 366 

such as ordinary least squares or instrumental variable regression, whose consistency relies 367 

less on distributional assumptions [47]. Single biomarkers have occasionally been used as 368 

indicators of health outcome in statistical models that require a continuous health variable 369 

[48]; however, it would be preferable to summarize the information from multiple 370 
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biomarkers into a single metric when measuring global health. Third, in comparison with 371 

subjective health metrics (e.g. self-reported health) or quasi-objective health metrics (e.g. 372 

composite health metrics constructed from survey questions) the health metric here could be 373 

applied more easily across different populations without being influenced by cultural 374 

differences or reporting habits. Indeed, several studies have reported differences in rating 375 

health according to gender [49,50], ethnicity [51,52], and age [53,54]. Last but not least, in 376 

keeping the biomarkers continuous during the construction of the health metric, we may well 377 

avoid loss of information associated with categorization of continuous variables [55]. In 378 

cases where the study population is small or broadly representative of the population, we 379 

strongly recommend using our reference population; however, in cases where the study 380 

population is both large enough to serve as its own reference, and is highly specific (e.g. 381 

suffering from a particular disease, children, a non-industrialized tribe), we would 382 

recommend using the study population as the reference population. 383 

It is important to note several limitations of this approach as well. First, we would not 384 

recommend application of this DSign metric to populations suffering from a specific disease. 385 

For example, a study on the efficacy or safety of a medication for patients on hemodialysis 386 

should not rely on DM17 or DM9 as a proxy outcome, because hemodialysis a priori 387 

represents a state of extreme dysregulation of multiple biomarkers [56], for which our 388 

standardized RP would be inappropriate without independent validation. Second, there are 389 

clearly multiple dimensions to physiological health, and any single metric is by definition a 390 

crude simplification [30,57]. The advantages of this approach should not be used to gloss 391 

over the limitations of any such approach. Third, the advantages of this approach do not 392 

make it the best choice in all cases. For example, SAH may be a preferable representation of 393 
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health state in some cases, either for practical reasons (e.g. better prediction of frailty, 394 

empirically) or theoretical reasons (e.g. a specific interest in how perception of one’s health 395 

influences outcomes). Fourth, we do not claim that the version presented here is the only 396 

valid version of DM, or necessarily the best; it is one approach among many that appears to 397 

represent a nearly optimal balance of usability, stability, and predictive value, but 398 

sophisticated users may prefer to develop their own versions based on data availability or 399 

their specific needs for these sometimes conflicting factors. Fifth, the populations used to 400 

establish stability here, while from two continents, nonetheless represent modern, Western 401 

societies. Caution should be exercised applying the metric to other populations, though 402 

studies have shown that DM does work well as a health metric in several provinces in 403 

Chinese mainland, in Taiwan, and in the Tsimane horticulturalists of Bolivia [18–20,27]. We 404 

believe it would probably apply well in most contexts, but maybe not in populations with 405 

highly specific characteristics (e.g. non-industrial populations [58]).  406 

 407 

Conclusions 408 

We have developed a continuous, biomarker-based, standardized, validated metric of health 409 

state. While no single metric can be universally optimal, this metric presents a number of 410 

clear advantages: simplicity of use, ease to obtain the relevant biomarkers, predictive power 411 

competitive with other well-known metrics, stability across populations, and theoretical non-412 

circularity. For many users, it will present a substantial improvement over previously 413 

published versions of DM, notably in its standardization and stability. We nonetheless 414 

strongly urge users of any generalized health metric to use caution and a nuanced 415 



19 

 

interpretation, given the inherent challenges of using a single metric to measure a multi-416 

dimensional process in a complex system. 417 

 418 

 419 
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 662 

Figure legends 663 

 664 

Figure 1. Stability of dysregulation scores across populations. For each dataset or a 665 

combined set (All), we performed correlations between dysregulation scores (DM) calculated 666 

using the study population its own reference population (top) or another dataset as the 667 

reference population (left). Correlations were calculated for the three biomarker sets: 9 668 

biomarker-set (DM9), 17-set (DM17), and the entire set (DM31). Mean correlation 669 

coefficients (r) are indicated for each set and ellipses indicate correlations visually, i.e. darker 670 

and narrower when stronger.  671 

 672 

Figure 2. Relationships between health metrics and aging correlates in the InCHIANTI 673 

dataset. Estimations (points) together with 95% confidence intervals (CIs; segments) are 674 

plotted for mortality, the number of frailty criteria, cardiovascular diseases (CVD), diabetes, 675 
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and the number of comorbidities (see text for details). Results are based on regression models 676 

adjusting for: 1) age and sex (solid lines); 2) age, sex, as well as physiological and cognitive 677 

functions (dashed lines); or age, sex, and socioeconomic status (dotted lines). For ease of 678 

comparison, each metric was standardized, i.e. divided by its standard deviation. Different 679 

colors refer to different health metrics and estimates are indicated on the right. Significant 680 

results are plotted in bold, with asterisks indicating the significance level (***, p < 0.001; **, 681 

p < 0.01; *, p < 0.05). Abbreviations: AL, allostatic load; DM9, 9-set dysregulation score 682 

(DM); DM17, 17-set DM; DM31, 31-set DM; SAH, self-assessed health. 683 

 684 

Figure 3. Relationships between health metrics and aging correlates in the WHAS 685 

dataset. Estimations (points) together with 95% confidence intervals (CIs; segments) are 686 

plotted for mortality, the number of frailty criteria, cardiovascular diseases (CVD), diabetes, 687 

and the number of comorbidities (see text for details). Results are based on regression models 688 

adjusting for: 1) age (solid lines); 2) age as well as physiological and cognitive functions 689 

(dashed lines); or age and socioeconomic status (dotted lines). For ease of comparison, each 690 

metric was standardized, i.e. divided by its standard deviation. Different colors refer to 691 

different health metrics and estimates are indicated on the right. Significant results are plotted 692 

in bold, with asterisks indicating the significance level (***, p < 0.001; **, p < 0.01; *, p < 693 

0.05). Abbreviations: AL, allostatic load; DM9, 9-set dysregulation score (DM); DM17, 17-694 

set DM; DM31, 31-set DM; SAH, self-assessed health. 695 

 696 

 697 

Figure 4. Comparison of predictive performance across health metrics for various health 698 

outcomes. Bars represent the means of estimated regression coefficients for the three different 699 
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analyses performed (see Figs 2-3) in InCHIANTI (blue) and WHAS (red), with the 700 

corresponding 95% confidence interval. For ease of comparison across health outcomes, we 701 

used the log-hazard and log-odds ratios. Numbers above the bars indicate the number of 702 

significant associations out of three analyses. Abbreviations: Comorb., number of 703 

comorbidities; DM9, 9-set dysregulation score (DM); DM17, 17-set DM; DM31, 31-set DM.704 
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Tables  705 

Table 1. Characteristics of study populations (at first visit). 706 

  
  

 BLSA  InCHIANTI  NHANES  WHAS 

Characteristic  n = 1139  n = 1252  n = 17,379  n = 1067 

Age (years)         

       Mean ± SD  64.6 ± 13.8  68.2 ± 15.5  49.4 ± 19.0  77.1 ± 6.8 

       Range (min – max)  26.4 – 99.3  21.3 – 98.4  20 – 85  65.8 – 100.3 

Female (%)  549 (48.2)  694 (55.4)  9073 (52.2)  1067 (100.0) 

Race (white, %)  728 (63.9)  1252 (100.0)  8768 (50.5)  801 (75.1) 

Education (years), mean ± SD  17.0 (2.6)  7.2 (14.5)  ─  10.7 (3.8) 

4-meter walking time (sec), mean ± SD   ─  4.1 ± 2.8  ─  9.8 ± 10.0 

MMSE score, mean ± SD  ─  25.9 ± 3.7  ─  26.5 ± 3.0 

Self-assessed health         

       1 (%) – highest perceived health  ─  159 (13.3)  ─  25 (4.2) 

       2 (%)  ─  640 (53.7)  ─  88 (14.9) 

       3 (%)  ─  323 (27.1)  ─  188 (31.9) 

       4 (%)  ─  57 (4.8)  ─  199 (33.7) 

       5 (%) – lowest perceived health  ─  13 (1.1)  ─  90 (15.3) 

Allostatic load         

       Mean ± SD  ─  2.6 ± 1.8  ─  2.1 ± 1.6 

       Range (min – max)  ─  0 – 11  ─  0 – 9 

707 
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