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Abstract

We propose a biomarker-based, objective and continuously distributed health mea-

sure which is novel to the economics literature. Using 41 commonly available bio-

markers in two leading biomarker databases, we consider the individuals as points in a

41-dimensional biomarker space and measure their objective health as the Mahalanobis

distance to the centroid of a reference group. In this way the centroid of the reference

group represents an "ideal state" of health, and a bigger distance from this centroid in-

dicates worse health. We validate versions of our health measure using di¤erent number

of biomarkers and through the link with a commonly used measure of general health

(self-reported health); we �nd that our health measure is positively but not perfectly

linked to self-reported health. Additionally, we �nd that the signal of health increases

with the number of biomarkers included; nonetheless, it is clearly feasible to have a sig-

nal with fewer biomarkers though the signal could be weaker. Finally we illustrate our

health measure in two applications: 1) the estimation of health distribution where we

�nd a long tail representing individuals in very bad health; 2) the concentration index

where we can truly satisfy the requirement for continuously de�ned general health.
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1. Introduction

One of the most important issues in health economics is the measurement of health. Many

health measures are self-reported. Although these measures are often good predictors of

other outcomes, they are often conditional on cultural or social norms making it di¢ cult

to compare across populations (Lindeboom and Van Doorslaer, 2004; Jürges, 2007). Hence

it is important to have objective measures of health (Bound, 1991; Burkhauser and Caw-

ley, 2006). Additionally, commonly used measures of general health are often discretely

distributed (e.g. self-reported health).

Apart from self-reported health (SAH), widely used health measures include the Disability-

Adjusted Life Year (World Bank, 1993), Disability-Adjusted Life Expectancy (Murray et

al., 2002), the Health and Activity Limitation Index, (Erickson, 1998; Sondik, 2002; Stew-

art et al., 2005), the McMaster Health Utility Index Mark 3 (HUI3) (Feeny et al., 1995),

among many others. Recently, Meijer et al. (2011) stressed international comparability

and proposed a health index by interrelating self-reported health with functional limitations

and a physical measure. Many continuous health measures are composed of discrete health

indicators. For example, it is possible to count the number of health problems and give

each individual a score, as re�ected in the health measure of Jürges (2007) or the Fried

frailty scale (Fried et al., 2001), among others. Single biomarkers are also used occasion-

ally as health indicators. Generally speaking, biomarkers are objectively measured health

indicators. There is usually a normal range for each biomarker; values out of the normal

range, whether too low or too high, are associated with certain health problems. A way is to

categorize single biomarkers one by one, for example, categorizing BMI into three categories

"underweight," "normal" and "overweight"; this is because values of single biomarkers, es-

pecially those within the "normal" range, are di¢ cult to compare: if one has BMI of 23 and

another has 24, we cannot see a di¤erence of health from their BMI.

Here we propose a continuous and objective measure of general health based on simulta-

neous use of multiple biomarkers. This may lead to the following bene�ts: �rst, it facilitates

estimation of health distribution and inequality; second, it facilitates application of statis-

tical tools such as OLS or IV regression whose consistency requires very weak assumptions;

other techniques such as the elimination of �xed individual e¤ect can also be easily ap-

plied. Third, it could be compared more easily across di¤erent populations. In addition

to the three technical advantages, a more intrinsic di¤erence from existing health measures

is that our measure is constructed from truly continuous variables. The existing health

measures, including categorized single biomarkers, can be viewed as proxies of health sta-

tus. In this sense, our measure describes an exact biological state of each individual in the
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biomarker/health space. Therefore, our health measure allows researchers to see the exact

di¤erence in health from one individual to another without much need of model selection.

Our health measure does not need categorization of continuous biomarkers, avoiding loss

of information (Barnwell-Ménard et al., 2015). Comparing with the use of single biomark-

ers one by one, the simultaneous use of multiple biomarkers could be more convincing at

least when the objective is to measure general health. When a single biomarker changes, it

is not easy to predict the exact e¤ect on general health without knowing the biomarker�s

interaction with other biomarkers (see Appendix for mathematical demonstration).

In socio-economic surveys there are often less available biomarkers than in biomedical

databases. While it is feasible to have a signal of general health with few biomarkers (e.g.

�ve biomarkers, see section 3), it could be preferable to combine the biomarkers with other

(discrete) indicators of health in certain cases. This could be done with, for example, the

health measurement model of Meijer et al. (2011) where our health measure could serve as

the internationally comparable objective health measure required by their model, in place

of grip strength. We leave this for future research.

The paper is organized in the following way. In section 2 we introduce the health measure;

in section 3 we validate versions of the health measure through the link with self-reported

health which is another commonly used measure of general health; in section 4 we illustrate

the health measure in two applications; �nally we conclude in section 5.

2. Health metric

2.1. Biomarker data in socio-economic research

Biomarker data have not been systematically explored in health economics to our knowledge;

nonetheless, there has been growing interest. The collection of biomarker data has also

started in well-known socio-economic surveys. For example, the Health and Retirement

Study (HRS) has collected two waves of biomarkers together with anthropometric measures

leading to a total of fourteen objective indicators of health (Crimmins et al., 2013). Similarly,

the Survey of Health, Ageing and Retirement in Europe (SHARE) collected biomarker data

in wave 4 in Germany; SHARE plans to include the collection of dried blood spot samples

in most of the SHARE countries in wave 6 (SHARE, 2014).

Single biomarkers have been used occasionally in economic studies. Among others the

Body Mass Index (BMI) is a widely used indicator of obesity, calculated from weight and

height with a normal range between 18.5 and 25 (WHO, 2000). Powdthavee (2010) used

hypertension as a biomarker for health and studied the e¤ect of education on health with

data from the Health Survey for England together with the 1947 and 1973 compulsory law
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changes to estimate RD and IV probit models. Some recent studies explored blood test

biomarker(s). For instance, Li (2014) measured health outcome with mean corpuscular

hemoglobin (MCH). Jürges et al. (2013) also used the changes in UK compulsory school

law in 1947 and 1973 to study the causal e¤ect of education on biomarkers (blood �brinogen

and C-reactive protein), as well as more traditional measures of self-reported health.

2.2. Our health metric

Here we view general health as a multidimensional summary measure of an individual�s over-

all biological state. We consider the observed individuals as points in a multi-dimensional

biomarker space where each biomarker is an axis of the space. Hence each individual is rep-

resented by a vector of observed biomarker values. We �rst de�ne a reference group whose

centroid represents the "ideal state". After this we calculate the multivariate distance with

respect to the centroid for each individual in the study group. In this way a bigger distance

from the centroid indicates worse health while a smaller distance represents better health.

We use the Mahalanobis distance to measure health in the biomarker space. The distance

is proposed by Mahalanobis (1936) and accounts for the joint probability distribution of the

variables under a supposition of multivariate normality. Formally, let xi 2 X �Rp and
xj 2 X �Rp be two points in a p-dimensional biomarker space X where the points typically

represent observed individuals but can also represent certain hypothetical states of health

an individual might have. A distance D(xi; xj) is a metric which de�nes a mapping over

the biomarker space X � Rp for xi; xj 2 X . Assuming xi; xj � N(�;�) where N denotes

multivariate normality, the Mahalanobis distance between xi and xj is de�ned as

DM (xi; xj) := kT (xi)� T (xj)k (2.1)

where T (x) = ��
1
2 (x � �) and k�k is the Euclidean norm. Mahalanobis explained the

distance in parallels with the Galilean transformation, a standard method in physics that

maps all coordinates into a frame of reference and thus ensures comparability between the

objects; and indeed the distance is a composition of the Euclidean distance and the trans-

formation T (x). Therefore the Euclidean distance is weighed by the (empirically computed)

covariance matrix �. When the biomarkers are correlated, T (x) shrinks (down-weights) dis-

tances along highly correlated axes so as to avoid redundancy, and the Mahalanobis distance

reduces to the Euclidean distance when � is the identity matrix, i.e. if the biomarkers are

uncorrelated with each other. As an intuitive example, take the 2-D case where height and

weight are the two biomarkers/axes. It is relatively common to see (A) people with 2m and

130kg (B) people with 1.5m and 40kg and it is relatively rare to see (C) people with 2m and
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40kg or (D) 1.5m and 130 kg. The four cases (A), (B), (C) and (D) have similar Euclidean

distance with respect to a centroid, say, 1.7m and 70kg, while (C) and (D) have much bigger

Mahalanobis distance than (A) and (B), when taking into account the correlation between

height and weight. Classical application of the distance assumes multivariate normality;

nonetheless, existence and uniqueness of the Mahalanobis distance still hold when data are

not normally distributed; the distance can be computed after proper transformation of the

data (Eström 2011). In the application we take logarithm of the biomarkers in order to

approximate multivariate normality. While the logarithm is not always the best transfor-

mation, it is often close to. Additionally, the Mahalanobis distance can become unreliable

when the scales of the variables di¤er; we thus standardize each biomarker with respect to

the mean and standard deviation of the reference group.

Biologically, the idea to use a statistical distance such as DM to measure health status

is based on the theory of physiological dysregulation (see e.g. Fried et al., 2005; Cohen et

al., 2012). The theory states that organisms maintain their physiological function through

a complex regulatory network that allows adjustments to changing internal and external

conditions including stress, diet composition, disease, and so forth. These networks wear

out over time, and this departure/dysregulation from the ideal health state is a key cause

of aging and chronic diseases. Because each individual�s system may become dysregulated

in a unique way, we seek here to compare the di¤erent individuals using each individual�s

physiological dysregulation as an indicator of her general health status, which references her

status in terms of degree of "normalcy" relative to a representative population.

Recent empirical results from a biomedical context also support this interpretation of

DM . The studies �nd that (1) DM increases with age and predicts mortality, clinical frailty,

number of comorbidities, cardiovascular disease, and diabetes (but not cancer, which could

be a¤ected by other socio-economic factors); (2) including more biomarkers in the calculation

of DM provides a clearer signal but the marginal gain from adding a marker is diminishing;

(3) the signal is not qualitatively sensitive to choice of biomarkers in general; (4) using a

younger, healthier reference population to estimate the centroid could boost the signal; and

(5) these results are replicable across multiple populations from Europe and North America

(Cohen et al., 2013; Cohen et al., 2014; Milot et al., 2014b; Cohen et al., 2015; Cohen 2015;

Li et al., 2015). Milot et al. (2014a) also found similar results using biomarkers of wild

birds.

2.3. Choice of reference group and centroid

An important issue is how to de�ne a reference group. There are widely accepted normal

ranges of single biomarkers, but there is no consensus on a point-wise multivariate centroid.
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For this study we compare two choices of reference group. Since our study group consists

uniquely of aged women, we �rst use a group of younger women as reference. However,

there could be some physiological adaptation with age, hence part of the distances from the

centroid of the younger reference group may not only represent a deterioration in health;

additionally, physiology of the same population may change from generation to generation

with changes in life style. For this reason we also use the aged women themselves as their

own reference group, and we compare the two results.

It is likely that neither of the two choices are optimal and we admit this as a limitation.

Possible improvements include selecting a healthy reference group with speci�c criteria,

which may provide a better centroid and weighting matrix. Concerning the two datasets we

use, there is no disease information in NHANES. WHAS contains self-reported information

on chronic diseases, but we did not include such information with the purpose of keeping

the health measure completely objective. In other words, we assume that the diseases are

re�ected in the biomarkers. For instance, even a psychological problem can be re�ected

in iron de�ciency, particularly observed in women, and this is associated with apathy, de-

pression and rapid fatigue when exercising (Bentona and Donohoe, 1999). Although the

biomarkers we use might not provide enough information on certain aspects of health (e.g.

healed broken bones that are more fragile than normal bones), we believe that they provide

a valuable proxy for general health.

3. Validation of the health measure through self-reported health

3.1. Method

If DM in the biomarker space is a valid measure of general health, we should expect a

positive link between DM and self-reported health because the latter is also a measure of

general health. We also expect that the biomarker-based signal of general health should be

strengthened when more biomarkers are included in the calculation of DM . We validate this

through an ordered Logit regression of self-reported health on logarithm of DM controlling

for disability and socio-economic status. We include in the regression a linear term and

a quadratic term of DM , similar to what Lindeboom and Van Doorslaer (2004) did with

self-reported health and the HUI, although their �nal goal was to test reporting bias in

self-reported health.

Formally, we de�ne for individual i

HO
i :=

log(DM;i)� log(DM )
sd(DM )

; (3.1)
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where DM;i is the individual�s biomarker-based health. Taking the logarithm eliminates

possible in�uence of extreme values.

In calculating DM , we do not give any special weight to any of the biomarkers over

and above the weights from the (empirical) covariance matrix; the reason is that certain

biomarkers are well-known to be important for certain diseases or physiological systems, such

as glucose for diabetes, but there is no consensus that one biomarker is more important for

general health than another, to our knowledge; and thus subjective weighting of individual

variables could bias the measure.

The number of available biomarkers may change from one database to another. We

wonder how the signal of health could change with the number of biomarkers and whether

it is possible to have a signal of health with a smaller number biomarkers. We validate this

by varying the number of biomarkers included in the calculation of DM : in each di¤erent

case we validate the signal of health through the link of DM with self-reported health. Hence

the standardization in the de�nition of HO
i in (3.1) is necessary because the scale of DM

changes with the number of biomarkers included.

3.2. Datasets

We use two datasets for the studies in this paper, the Women�s Health and Aging Study

(WHAS) and the National Health and Nutrition Examination Survey (NHANES). WHAS is

a population-based study of community-dwelling women in Baltimore (Guralnik et al.,1995);

we only use the �rst wave because self-reported health was reported only once. NHANES is

a cross-sectional study based on representative samples of the US population and conducted

in various waves since the 1970s. Di¤erent individuals were surveyed in each di¤erent wave

with information on hundreds of biomarkers. We combine six waves of data collected from

1999 to 2010 with a total sample size of 56,528 individuals.

Both WHAS and NHANES contain information on many biomarkers, however, each bio-

maker has some missing values. We take all biomarkers that are available in both datasets

and that can be retained while keeping the sample size of the study group (WHAS) equal to

1,000 with no missing data. The need for a common list across two datasets results in a �nal

list of 41 biomarkers, namely Albumin, Alkaline phosphatase, Alpha-carotene, ALT, AST,

Beta-cryptoxanthin, Blood urea nitrogen, C-reactive protein, Calcium, Chloride, Choles-

terol, Diastolic blood pressure, Ferritin, Folate, GGT, Globulin, Glucose, HDL, Heart rate,

Hematocrit, Hemoglobin, Iron, Iron saturation, LDH, MCV, Mean corpuscular hemoglobin,

Mean corpuscular hemoglobin concentration, Phosphorous, Potassium, Red blood cell count,

Red blood distribution width, Sodium, Systolic blood pressure, Total bilirubin, Total pro-

tein, Transferrin, Triglycerides, Uric acid, Vitamin B12, Vitamin D-25 total and White
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blood cell count. Because WHAS is all female, we take the female individuals in NHANES

aged between 20 and 40 as the reference group, which leads to a sample size of 1,277 for the

reference group.

Table I shows the variables and summary statistics. The subjective health HS is cate-

gorical and objective health HO (as de�ned previously) is continuous. The objective health

HO
N is with respect to the centroid of the younger reference group from NHANES (super-

script "O" for objective health, subscript "N" for NHANES); the objective health HO
W was

calculated using WHAS as its own reference group (subscript "W" for WHAS). Years of

education is treated as a continuous variable; the mean is slightly above secondary school

(9 years).

3.3. Results

Table II and Table III show the coe¢ cients from the ordered logistic regressions for the

whole sample and various subsamples; the results in Table II use HO
N as the objective health

measure and those in Table III use HO
W ; in both cases all 41 biomarkers are used to construct

the objective health measure.

As expected, there is always a positive coe¢ cient for the linear part of HO. The coe¢ -

cient of the quadratic part is negative, indicating a concave relationship. The coe¢ cient of

the linear part is positive even in case we omit the quadratic part. Note that the coe¢ cients

of the control variables are not directly interpretable because they could include 1) an e¤ect

on health due to the fact that HO may not perfectly control for true health and 2) the

manners in reporting one�s health that change with socio-economic status (Lindeboom and

Van Doorslaer, 2004). In addition, the regression is cross-sectional and there is certainly a

doubt for endogeneity due to omitted variables, which we admit as a limitation. Meanwhile,

the study group WHAS can be viewed as a relatively homogeneous subsample obtained after

strati�cation, which could help reduce the problem of omitted variable.

The four panels in Figure 1 show the changes in odds ratios associated with HO
N and

(HO
N )

2 (�rst row) and those associated with HO
W and (HO

W )
2 (second row). We choose

to report the odds ratios because the magnitude of the coe¢ cients from an ordered logistic

regression are not directly interpretable; another way is to report the partial e¤ect because it

is possible to estimate quantitative e¤ects of the covariates on the probabilities of reporting

each health category, for each individual (Jones et al., 2013, chapter 4.3); however, in our

case there would be too many results if we report di¤erent probabilities with respect to

di¤erent categories; so we use instead the odds ratio de�ned as the exponential exp(�) of a

coe¢ cient �. The odds ratio is the odds for HS to be in a category that is greater than j

versus less than or equal to j (McCullagh, 1980). Hence in our case there are �ve categories

8



of HS and the ordered logit regression can be viewed as equivalent to a proportional odds

model (POM) of four logits, one for each of the following cut-points: (A) 1 vs. 2,3,4,5; (B)

1,2 vs. 3,4,5; (C) 1,2,3 vs. 4,5 and (D) 1,2,3,4 vs. 5; the various logits in this POM are

constrained to be equal and for this reason the POM is also referred to as the constrained

cumulative logit model (Hosmer and Lemeshow, 2000). As a result, there is only one odds

ratio associated with each regressor; the odds ratio bigger than 1 corresponds to a positive

original coe¢ cient and a value smaller than 1 corresponds to a negative original coe¢ cient.

The number of biomarkers used to construct HO
N and H

O
W varied from 2 to 39. In each of

the 38 cases (2 to 39 biomarkers)1 we randomly chose 200 biomarker combinations from the

Cl41 (l = 2; � � � ; 39) possibilities. The red curve represents the median of the 200 replications
and the blue curves 2.5% and 97.5% quantiles. From the odds ratios associated with the

linear part of objective health (the two panels on the left) we observe an increasing signal

with the number of biomarkers; the increase slows down but has not stopped even with

39 biomarkers. Nevertheless, it is clearly possible to have a signal with fewer biomarkers,

although the signal could be weaker. For the quadratic terms, there also appears to be a

negative and increasingly stable signal with increasing biomarker number.

The results we obtain here are, of course, sample speci�c. Validation of a health measure

cannot be done with a simple exercise and the validation in this section is rather illustrative.

Studies using data from di¤erent populations/countries are necessary to further validate

our health measure. We also refer interested readers to the biomedical empirical results

mentioned in section 2.2.

4. Illustrative applications

4.1. Distribution of health

We �rst illustrate our health measure with the estimation of health distribution. General

health may be heavy-tailed in a way similar to income or cost data. Our health measure

describes how bad one�s health is, and a long tail in the distribution corresponds to indi-

viduals in very bad health. As reviewed by Jones et al. (2015) in their study of healthcare

costs, the mean of a distribution is clearly an important feature, nonetheless, it is generally

not the only aspect of interest to policymakers (Vanness and Mullahy, 2012). There is a

growing literature in econometrics that has been developping techniques to model the entire

distribution, thus �going beyond the mean�(Fortin et al., 2011). Analysis based solely on the

mean misses out potentially important information in other parts of the distribution (Bitler

1The number of included biomarkers is from 2 to 39 because C241 = C3941 = 820 allows us to have 200
replications but C4041 = 41 does not.
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et al., 2006). In health economics, there is a particular emphasis on identifying individuals

or characteristics of individuals that lead to very large costs, and there is a demand for

empirical strategies to �target the high-end parameters of particular interest�including tail

probabilities (Mullahy, 2009). The existence of heavy tail has important in�uence on model

selection. For example, cost data are often modeled with generalized linear models (GLMs)

(Blough et al., 1999); while the GLMs have attractive properties for researchers concerned

only with the conditional mean of the distribution, they have been found to perform badly

with heavy-tailed data (Manning and Mullahy, 2001). For instance, whatever distribution

is adopted, the skewness is directly proportional to the coe¢ cient of variation, and the kur-

tosis is linearly related to the square of the coe¢ cient of variation (Holly, 2009). Our health

measure provides a way to identify tails.

We estimate the distribution of health for the individuals in NHANES and WHAS. We

divide the respondents in NHANES into three age groups namely 20-40, 41-64 and 65-85

in order to represent "young," "mid-aged" and "old". The choice of these thresholds are

arbitrary but the results are not sensitive to these particular choices. In order to compare

with WHAS, we only include females in NHANES; nonetheless, the results are qualitatively

similar if the males in NHANES are included. We estimate as well the distribution putting

all respondents in NHANES together (the group "all"). Concerning choice of reference

group, we �rst compute DM for the respondents in each group, each time using the group

as its own reference population (hence �ve di¤erent centroids for �ve di¤erent groups). In

order to compare, we also compute DM taking the young group (20-40) from NHANES as

reference for all groups (hence the same centroid for the �ve groups).

Table IV shows minimums, maximums and di¤erent percentiles in the health distribu-

tions; the �rst part of the table shows the results where DM is computed using the young

reference group while the second part shows the results with DM computed using each group

as its own reference group. Figure 2 and Figure 3 show the distributions visually. There

is a long tail in the distribution of health. When referenced by the young group, the mean

of health is higher for older group; the highest is for WHAS which includes women aged

between 65 and 100 comparing to the aged group from NHANES where the oldest age is

85. In contrast, we do not see clear di¤erence in the mean level of health when each group

is referenced by itself. Hence, the health values are not directly comparable across di¤erent

groups when DM is computed for each group using its own centroid, although the distri-

bution is clear within the group. We do not go into more detailed discussions here as the

application is demonstrative; the important thing is that a continuous measure of health

makes it easier to spot the individuals on the tail and choose proper statistical tools to deal

with the issue.
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4.2. Concentration index

Next, we illustrate the health measure through the estimation of health concentration in-

dex with respect to income. The concentration index (Kakwani 1977, 1980) quanti�es the

degree of the inequality (Kakwani et al., 1997; Wagsta¤ et al., 1989) and has become the

standard measure to quantify income-related inequalities in health economics (Wagsta¤ and

Van Doorslaer, 2000). Here we give a short summary of some results and issues while a

detailed review can be found in O�Donnell (2008, Chapter 8). A convenient formula for the

concentration index de�nes it in terms of the covariance between the health variable and the

fractional rank in the living standards distribution (Jenkins 1988; Kakwani 1980; Lerman

and Yitzhaki 1989),

C =
2

�
cov(hi; ri) (4.1)

where � is the mean of the health variable. Standard error of a concentration index can be

computed with the formula derived in Kakwani et al. (1997) with

var( bC) = 1

n
[
1

n

nX
i=1

a2i � (1 + C)2]; (4.2)

where

ai =
hi
�
(2ri � 1� C) + 2� qi�1 � qi; (4.3)

and

qi =
1

�n

iX
j=1

hj (4.4)

is the ordinate of the concentration curve with q0 = 0.

Strictly speaking, the concentration index is an appropriate measure of socioeconomic-

related health inequality when health is measured on a ratio scale with a true zero (which

in our case is the state of "ideal health"). The values of the health variable should be

nonnegative. The concentration index cannot be computed directly from categorical data

(e.g. self-reported health). Although the ordinal data can be transformed into some cardinal

measure which allows the computation of the concentration index, (Van Doorslaer and

Jones 2003; Wagsta¤ and Van Doorslaer 1994), the value of the index will depend on the

transformation chosen (Erreygers 2005). In cross-country comparisons, even if all countries

adopt the same transformation, their ranking by the concentration index could be sensitive

to di¤erences in the means of health that are used in the transformation. A partial solution

to this problem would be to dichotomize the categorical health measure; unfortunately, this

introduces another problem. Wagsta¤ (2005) has demonstrated that the bounds of the
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concentration index for a dichotomous variable are not �1 and 1 but depend on the mean of

the variable. Our health measure has a truly continuous support; hence we can largely avoid

these problems. Additionally, many existing continuous measures of health are constructed

(partly or entirely) from self-reported information on health. As is well documented, there

is often a reporting bias in self-reported health. Therefore, for example, when we see bad

health is more concentrated among poor people, we may not be sure to what extent the

result is due to self-perception rather than true health. By using biomarkers, in contrast,

we can guarantee the objectivity of the results.

We assign the individuals to the same age groups as we did in the application to estimate

the distributions of health. For NHANES, we use the poverty income ratio (PIR) as the

income variable. The variable was calculated by dividing family income by the poverty

guidelines, speci�c to family size, as well as the appropriate year and state. If family income

was reported as a range value, the midpoint of the range was used to compute the variable.

Values at or above 5.00 were coded as 5.00 or more because of disclosure concerns. As for

WHAS, the variable income is obtained from respondents�answers to a question on their

total household income before taxes from all sources, including Social Security, retirement

income, job earnings, public assistance, help from relatives, rent from property, and any

other income (Guralnik et al., 1995). The value ranges from 0 to 300000. Some respondents

refused to answer the question and this is a main reason why there are more missing values

in income than in other variables (and this is the reason why we did not include it previously

in the validation study, although inclusion does not change the results qualitatively).

Table V shows the results. To facilitate comparison we also provide information on

sample size as well as mean and standard error of health and family income for each group.

We see that the concentration index is negative in most cases. Because the Mahalanobis

distance measures how bad one�s health is, a negative concentration index means bad health

is more concentrated in poor people. In the young group there is evidence of inequality and

this inequality exacerbates in the mid-aged group. This is perhaps because between the age

of 40 and 64 income di¤erence widens from one person to another and in the meantime people

start to have more health problems during this period, both leading to bigger inequality in

health with respect to income. As for the two aged groups from NHANES and WHAS, no

result is signi�cant at 5% level. When each group is referenced by itself, the results follow

the same line. We infer that inequality might still exist in the aged group, but if it exists, it

is smaller than in the young and mid-aged groups. Generally speaking, it is often observed

that health gaps narrow after the age of 65, which could be due to di¤erential survival and

safety net programs such as Medicare and Social Security that begin at that age (Evans et

al., 2012).
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5. Conclusion

The main objective of this paper is to propose a continuous and objective health measure.

Despite the enormously rich information on objective health, biomarkers have not to our

knowledge been widely explored, and most existing works used a few single biomarkers

as health indicators. Because changes in single biomarkers are complex and there could

be billions of di¤erent ways for human health to "go wrong", we propose a measure that

describes the exact biological state of each individual in the biomarker space - a method

being able to re�ect any possible status of the biomarkers as a whole. While there remain

issues such as the search for a better centroid, our distance-based framework provides a

novel way to measure general health. Human health is high-dimensional, and in this sense

our health measure can be viewed as a projection of the true health onto a subspace of

available biomarkers.

The choice of health measure in empirical studies obviously depends on the objectives

of any speci�c study. For instance, if the objective is to predict costs, an good measure of

general health might not be the best predictor; bone fragility might be a small component

of general health in a sense, but a disproportionately large contributor to costs. For this

reason we do not claim that our health measure is optimal; nonetheless, our measure re�ects

advances in biological research and technically it also provides a convenient tool for health

economists. Finally, our health measure could be further combined with discrete health

indicators, which we leave for future research.
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Table I: Summary statistics

Mean Sd Min Max

HS = 1 0.08 0.275 0 1

HS = 2 0.21 0.410 0 1

HS = 3 0.35 0.477 0 1

HS = 4 0.26 0.436 0 1

HS = 5 0.10 0.303 0 1

DN
M 10.77 6.033 6.37 191.76

DW
M 6.20 1.589 2.61 31.33

Disabled 0.63 0.484 0 1

White 0.75 0.432 0 1

Education 10.72 3.807 1 18

Married 0.28 0.451 0 1

HS : 1 = Excellent, 2 = Very good, 3 = Good, 4 = Fair, 5 = Poor

DN
M : The Mahalanobis distance from the centroid of the NHANES reference group

DW
M : The Mahalanobis distance from the centroid of WHAS as its own reference group

The scripts "N" and "W " indicate NHANES as reference group and WHAS as reference group,

respectively.
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Figure 1: Odds ratios related to HO
N and H

O
W ("N" means referenced by NHANES; "W"

means referenced by WHAS itself) and the quadratic terms of HO
N and HO

W . The vertical

axis shows the odds ratio (exponential of the coe¢ cient from the regression); the horizontal

axis shows the number of biomarkers included in the computation of the health measure.

For each number of biomarkers from 2 to 39, we report the median of 200 replications (red

curve) and the 2.5% and 97.5% quantiles (blue curves).
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Figure 2: Health distributions of di¤erent age groups. The dotted vertical lines show

the medians. The women aged 20-40 in NHANES are used as reference group.
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Figure 3: Health distributions of di¤erent age groups. The dotted vertical lines show

the medians. Each age group is used as its own reference group.
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Appendix: E¤ect of changes in single biomarkers

Here we derive mathematically the e¤ect of changes in single biomarkers on the Maha-

lanobis distance. This can be seen with some matrix algebra (see Wansbeek and Meijer,

2000, Appendix A). By de�nition the Mahalanobis distance of respondent i to the centroid

� is

DM (xi; �) =
q
(xi � �)0��1(xi � �)

=
p
tr��1D (5.1)

where D := (xi � �)(xi � �)
0
is a square matrix having the same dimension as �. Letting

� = vec� (5.2)

be the vectorized version of �, it follows from the chain rule that

@DM (xi; �)

@�
=

1

2
(tr��1D)�

1
2
@(tr��1D)

@�

= �vec(�
�1D��1)

2
p
tr��1D

. (5.3)

Letting � be a parameter in �, i.e. � is a variance when diagonal or a covariance when

o¤-diagonal, and

�� :=
@�

@�
(5.4)

be the (zero-one) matrix obtained from deriving � with respect to �, it follows straightfor-

wardly upon applying the chain rule once more, that

@DM (xi; �)

@�0
@�

@�
=
(vec(��1D��1))

0
vec��

�2
p
tr��1D

. (5.5)

The denominator �2
p
tr��1D is clearly negative and the diagonal elements of the square

matrix ��1D��1 are positive; hence when � is a variance the vector vec�� has an element

equal to one and all other elements equal to zero. As a result the product of the two

vectors in the numerator of (5.5) is positive making the whole derivative negative. This

means the Mahalanobis distance decreases when a variance in � increases; and this is why

the Mahalanobis is sensitive to scales of the variables. In our case we normalized the

(logarithm of) biomarkers so the diagonal elements in � are all equal to one. When � is

a covariance, the vector vec�� has two elements equal to one and all other elements equal
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to zero; the two elements capture the corresponding o¤-diagonal elements that appear in

symmetric positions in ��1D��1. Therefore, the vector product in the numerator of (5.5)

keeps the same sign as the corresponding o¤-diagonal element in ��1D��1 but doubles its

absolute value. Empirically this means the change in the Mahalanobis distance with respect

to a change in a certain covariance cannot be predicted a priori without inspecting other

elements in ��1, i.e. without knowing the whole structure of �.
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