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Abstract

The chronic conditions associated with age are an increasing challenge to individual
and public health in many countries. In general, older age groups have a greater
average multiplicity of chronic conditions (greater “multimorbidity”’). But the varia-
tion (not only the average) of multimorbidity within groups of increasing age seems
not to have been studied empirically. The variation in multimorbidity in groups
of increasing age could, in principle, increase or decrease. We use the enhanced
Charlson Comorbidity Index (¢CCI) as a quantitative index of a person’s concurrent
chronic medical conditions (multimorbidities) in 39 categories, weighted by sever-
ity. We demonstrate systematic relationships between the mean eCCI and the vari-
ance of eCCI of people by age group in de-identified electronic health records of
238,156 adults served by four United States health systems (HSs), two in Chicago,
two in New York City. The relation of variance to mean eCCI across age groups
is described by a generalization of Taylor’s power law. Within almost every age
group, the frequency distribution of eCCI per individual is well approximated by a
negative binomial distribution. The means and the variances of the fitted negative
binomial distributions within age groups account approximately for the relations of
mean and variance of eCCI across age groups. The clear findings that variance of
eCCI within an age group rises with the mean eCCI, and that the variance exceeds
the mean, imply that increasing average multimorbidity brings more variable or
heterogeneous multimorbidity. Both clinical care and health policy need to take
account of the variation or heterogeneity of multimorbidity among older adults.
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Introduction

Multimorbidity is defined as the presence of multiple chronic conditions in one indi-
vidual. Multimorbidity focuses on the entire health of an individual. By contrast,
comorbidity commonly centers on one chronic disease and its possibly associated,
or “comorbid,” chronic conditions. Here we describe and model mathematically the
variation in multimorbidity between and within age groups of some low-income and
minority urban Americans. Our findings invite parallel investigations of other popu-
lations to test the generality of the new patterns we reveal.

Chronologically older individuals are more likely to experience more multimor-
bidity, given greater exposure time at risk of developing new diagnoses (Beard et
al., 2016, p. 2146). But the average and the variation of multimorbidity between and
within age groups are little understood quantitatively. For example, the quantitative
relationship between the mean and the variance of a quantitative index of age-specific
multimorbidity as adult age increases appears not to have been examined (i.e., Divo
et al., 2014; Chen et al., 2022, 2023; Chowdhury et al., 2023; Bensken et al., 2024).
Here we quantify and describe mathematically systematic patterns in a quantitative
index of multimorbidity at two levels of analysis: between groups of increasing adult
age, and within age groups. We relate within-group and between-group averages and
variation in multimorbidity.

We are motivated to examine the quantitative relationships between the mean and
the variance of multimorbidity at different adult ages by the widespread observation
of a power-law relation (now often called Taylor’s law) between the mean and the
variance in ecology (Taylor 1961, 2019; Cohen et al. 2013a), demography (Cohen et
al. 2013b; Xu and Cohen 2021; Benassi et al. 2023a, b; among others), earth sciences
(Calif & Schmitt, 2015; Tippett & Cohen, 2016; among others), epidemiology (Keeling
& Grenfell, 1999; Keeling et al., 2001; Cohen, Davis, and Samorodnitsky, 2022; Bena-
ssi, Naccarato, and Xu, 2023b; among others), and many other fields (Eisler, Bartos and
Kertesz, 2008). Physicists refer to a power-law variance function as fluctuation scaling.

Here, Taylor’s law would predict that, for each specific adult age group, the vari-
ance of an index of multimorbidity approximates a power of the mean of that index.
The data here reject Taylor’s law in its original form but support a generalization of
Taylor’s law known as a quadratic Taylor’s law. Within groups of increasing adult
age, we examine the distribution of this index of multimorbidity across individuals
of the same age to see how well this microscopic level of variation can account for
the variation of multimorbidity across ages. We find that, within each age group,
the frequency distribution of this index of multimorbidity is well approximated by a
negative binomial distribution.

Data, definitions, and methods
Data source

From the electronic health records (EHRs) 0f 238,156 adults in four health systems (HSs)
of networks of Federally Qualified Health Centers (FQHCs) in low-income communities
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in New York City and Chicago in the United States, we extracted each person’s chrono-
logical age at the date of analyzing the EHR and an integer-valued index of multimorbid-
ity called the “enhanced Charlson Comorbidity Index” (henceforth eCCI) (Charlson et
al., 2025). These data were accessed for research purposes on 2024-12-28. We assessed
each person’s age and eCCI once only. This is a cross-sectional, not a longitudinal study.
The Health Resources and Services Administration (HRSA) Health Center Pro-
gram Uniform Data System (UDS) provides a publicly available summary of the four
populations served by the four HSs in this study (https://data.hrsa.gov/topics/healthc
enters/uds/overview?grantNum=H80CS00597).

Age groups

The New York HSs 1 and 2 gave each adult’s age in whole years plus a decimal frac-
tion of a year based on the number of days from the date of birth to the date on which
eCCI was computed. The Chicago HSs 3 and 4 rounded age to the nearest whole year.

We constructed two systems of age groups, one year wide and four years wide.

For the one-year groups, we rounded ages from NY to the nearest year, like the
ages from Chicago. We then excluded from further analysis single years of age with
fewer than 100 people (here, only some of the oldest adults) because age groups with
few people were judged to give unreliable estimates of the mean and variance of mul-
timorbidity. The numbers of people in each one-year group with 100 or more people,
by age and HS, are plotted in Supplementary Information (hereafter SI) Fig. 1.

To give statistically credible information about the relative frequency of each eCCI
in each age group, we devised 16 age groups containing four years of chronological
age each: 19-22 years (that is, from 20 minus one up to and including 20 plus two),
23-26 (that is, from 24 minus one up to and including 24 plus two), and so on up to
79-82 (that is, from 80 minus one up to and including 80 plus two). For brevity in
figures and tables, we identified each such age group by its year of chronological age
that is divisible by 4. For example, the 19-22 group is called 20 and the 79-82 group
is called 80. SI Fig. 2 shows the number of people in each age group in each HS.

Enhanced Charlson comorbidity index (eCCl)

The eCCI of a patient is the sum of the points assigned in Table A.1 of Charlson et al.
(2025, pp. 67, Appendix A) to each chronic condition in the patient’s EHR. For each
age group separately, we analyzed the mean, variance, and probability distribution
(frequency histogram) of eCCI.

The eCCI used here is designed to anticipate risk of hospitalization and disability
(Charlson et al. 2025). The first three chronic conditions in the eCCI with lowest
“Comorbidity Weight” equal to 1 each are myocardial infarction, congestive heart
failure, and peripheral vascular disease or bypass. The last three chronic conditions
in the eCCI with highest “Comorbidity Weight” equal to 6 each are metastatic solid
tumor, HIV or AIDS, and any transplant: renal, heart, liver, bone marrow, or lung.
Of the 39 conditions in the eCCI, only these three conditions have weight 6. The
remaining conditions have weight 1 (a total of 13 conditions), 2 (11 conditions), or
3 (12 conditions).
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Earlier versions of Charlson’s Comorbidity Index were designed to anticipate the
risk of death (Charlson et al. 1994, Charlson et al. 2022, Charlson and Wells 2022;
see also Ly et al., 2025 and the on-line calculator at https://www.mdcalc.com/calc/39
17/charlson-comorbidity-index-cci).

Two of the four HSs (HS 1=NYC-a and HS 2=NYC-b) are in New York City and
two (HS 3=Chicago-a and HS 4=Chicago-b) are in Chicago, Illinois. In New York,
the two health systems are Family Health Centers at NYU Langone and Commu-
nity Healthcare Network. In Chicago, the two health systems are Erie Family Health
Centers and Friend Health. The HSs and individuals are fully de-identified for this
analysis because the data did not identify any individual or which HS was which in
either city.

SI Table 1 summarizes statistics of age and eCCI in the people included in this
study, by HS. The data on HS, chronological age, and eCCI for each individual, on
which this study rests, are posted in the SI file HealthSystemAgeCCI120250323.csv.

Variance functions

The variance function of eCCI in a set of age groups shows the variance of eCCI in
each age group on the vertical axis as a function of the mean eCCI at that age on the
horizontal axis.

Taylor’s law (TL) (Taylor, 1961) proposes that, with a > 0 and ordinarily b > 0,

log,o (variance of eCCI in age group x) ~ 1
a + blog,gmean of eCCI in age group x 1

The variance-mean power law, variance of eCCI in age group x ~ 10*(mean of eCCI in age group .’E)b,
is mathematically equivalent to (1).

The quadratic Taylor’s Law (Taylor et al., 1978, p. 388, Eq. (14) (QTL) proposes
that

log,o (variance of eCCT in age group x) ~
a+ blog,, (mean of eCCI in age group x) )

+c[logyo (mean of eCCI in age group x)]z,

where the constant ¢ may be positive or negative. When ¢ = 0, the QTL is just TL.
In each HS, to estimate the coefficients a, b, ¢, we fitted linear and quadratic
regressions by ordinary least squares (OLS) using Matlab function regress (Matlab,
2024).
For each HS separately, we tested whether QTL described the data significantly
better than TL by an F-test:

RSSTLfRSSQTL
dfrr—dfqorL
RSSor. (3)
dforL

F =
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where RSStr, RSSqgr are the residual sums of squares of TL and QTL, respec-
tively, and dfrr, dforr are the corresponding degrees of freedom. Then, if fedf is
the cumulative distribution function of the F' distribution with degrees of freedom
dfrr, dforL, we calculate

le_def(F7dfTL7deTL)' (4)

If P is larger than a critical value, e.g., 0.05, then QTL is not a significantly better
description of the data than TL. If P is smaller than a critical value, then QTL is a
statistically significant improvement over TL.

Negative binomial distribution

The negative binomial distribution (NBD) is a classical integer-valued nonnegative
random variable that is “over-dispersed” in the sense that its variance always exceeds
its mean (unlike the Poisson and binomial distributions, for example). The NBD can
be parameterized in various ways. The probability density function of the NBD in

Matlab (https://www.mathworks.com/help/stats/nbinpdf.html), which we used for
these computations, is: for 0 < p < 1, r > 0 (» may or may not be an integer),

Pr(eCCI = z) = (%) PA-p)P 2=01,23 ... (5
If eCCl is negative binomially distributed as in (5), the population mean of eCCI is

E (eCCI) = ’““p_p) (6)

and the population variance of eCCI is

r(l—p
Var (eCCI) = (]92) . @)
If r is constant and only p varies, then
Var (eCCI) = E (eCCI) + (1) [E (eCCI)]? (8)

and the variance is a convex increasing quadratic function (8) of the mean, not con-
sistent with TL (1). In the limit as » approaches infinity, the variance function (8)
asymptotically becomes Var (eCCI) = E (eCCI), the variance function of the
Poisson distribution, which is consistent with TL with a =0, b = 1. In the limit
as r approaches 0, the second term in (8) dominates the first and (8) asymptotically
becomes TL (1) with 10 = 1/r and b = 2. We estimated the parameters p and r of
the NBD by maximum likelihood using nbinfit in Matlab (2024b).
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Results
Mean and variance of eCCl by age group

In each HS, for each one-year age group with 100 or more individuals, the mean
eCCI and the variance of the eCCI of the individuals of that age generally increase
with age (Fig. 1), but not in HS 4 for ages above roughly 65. A Poisson distribution
could not adequately describe the frequency distribution of eCCI by age group in any
HS because in a Poisson distribution, variance equals mean. Here variance generally
exceeds mean, except for some of the youngest age groups.

It seems plausible to speculate that the decline in HS 4 in the mean and the vari-
ance of eCCI of the individuals above roughly age 65 reflects the selective removal,
by institutionalization or death, of individuals with higher multimorbidity. The cross-
section of the active EHRs on a single date does not permit testing this speculation,
as this cross-section combines the effects of age (an individual attribute), aging (the
process of growing older) and cohort (unique generational exposures).

Variance function

Figure 2 compares the (age, eCCI) data with two models: Taylor’s law (TL) and the
quadratic Taylor’s law (QTL).

health system 1

mean CClI, var CCI
(9]

20 30 40 50 60 70 80
age (years)

health system 3

[ mean ccl|
var CCI

mean CCl, var CCI
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8 var CCI
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N S
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mean CCI, var CCI
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Fig. 1 The mean eCCI (blue circles) and the variance (red circles) of the eCCI of the individuals of
each single year of age with 100 or more individuals, by HS. The area of each red circle is proportional
to the number of individuals of the age corresponding to the abscissa of the center of the circle. The
smallest circles at the extreme right of each panel show ages with 100 individuals. Source: MeanC-
ClvsAgeVarCClvsAge4HSageminl100 20250131-122802.png
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Iog10 variance of CCl versus Iogm mean of CCI in four health systems
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Fig.2 The log;, variance of the eCCI of the individuals of each one-year age group with 100 or more
individuals as a function of the log;, mean eCCI of each group (center of the circles) and two models:
Taylor’s law (1) (black solid straight line) and the quadratic Taylor’s law (2) (blue dashed curved line).
The area of each circle is proportional to the number of individuals in the corresponding age. The color
of each circle represents age from youngest (deep purple or blue) to oldest (yellow). Source: logVarC-
ClvslogMeanCCITLQTLall4HSagemin100_20250131-140652.png

Taylor’s law

SI Table 2 gives the estimated coefficients a, b of Taylor’s law (1) and their nominal
95% confidence intervals (CIs). The mean of eCCI accounted for most of the varia-
tion in the variance of eCCI: the coefficient of determination R? varied from a low
0f 0.81 in HS 2 to the high of 0.95 in HS 3 and HS 4. In HS 1, b does not differ from
1, while b is less than 1 in HS 3 and significantly greater than 1 in HS 2 and HS 4.
The coefficient a exceeds 0 in all four HSs, whereas in a family of Poisson distribu-
tions, a ~ 0.

Non-linearity of log variance as a function of log mean

In Fig. 2, on log-log coordinates, the variance functions of HS 1, HS 2, and HS 3
appear to be concave but that of HS 4 is very close to linear. In HS 4, the unusual
declines with increasing age in both the mean and the variance of ¢eCCI above age
roughly 65 show that, at least in this instance, the mean eCCI predicts variation in
eCClI better than an increasing function of age predicts variation in eCCI.

SI Table 3 gives the OLS estimates and 95% confidence intervals of the param-
eters of the quadratic Taylor’s law (2). The mean of eCCI accounted for even more of
the variation in the variance of ¢eCCI than the linear Taylor’s law (1): the coefficient
of determination R? varied from a low of 0.85 in HS 2 to the high of 0.97 in HS 3.
The confidence intervals of ¢, the coefficient of the quadratic term, lie below zero for
HSs 1, 2, 3, confirming the visual impression that their variance functions are con-
cave on log-log coordinates. By contrast, the coefficient of ¢ for HS 4 does not differ
significantly from 0, again confirming the visual impression that its variance function
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is approximately linear on log-log coordinates. SI Table 4 gives the statistics of the
TL and QTL regressions. The last two columns, Fcompare and P, strongly confirm
that QTL describes the variance functions of all four HSs better than TL, and that the
log-log variance functions are significantly concave for HSs 1, 2, and 3.

Frequency histogram of eCCl within each age group

The frequency histogram of ¢CCI within an age group in a HS shows how many
people of that age and HS had ¢CCI equal to 0, how many had eCCI equal to 1,
how many had eCCI equal to 2, and so on. Each HS has 16 four-year age groups,
labeled 20, 24, ..., 80. For all 64 of these age groups (16 age groups for each of 4
HSs), the variance of eCCI exceeded the mean eCCI. Figures 3, 4, 5 and 6 show the
observed counts (black x marks) of people in HS 1-4, respectively, who have each
eCCI and the expected counts (green line) from the fitted NBD. As is apparent from
visual inspection, the agreement of the empirical counts with the NBD is generally
excellent. Some deviations arise at the largest values of eCCI where fewer people are
observed. Because the vertical axis (number of people) is on a logarithmic scale, the
rare counts of zero people are omitted.

The estimated parameters of the NBD fitted to the empirical frequency distributions
of eCCl account qualitatively for the approximation to Taylor’s law with exponent near
or less than b = 1 in these data. Using the estimated parameter values r, p (shown in
SI Fig. 3), Fig. 7 plots the predicted population variance Var (CCI) = r(1 — p)/p?
as a function of the predicted mean E (CCT) = r(1 — p)/p for each age group in
each HS (blue x markers) and a (black) curve, a power function corresponding to
Taylor’s law, fitted by least squares to the 16 values of (r(1—p)/p,r(1 —p)/p?)
for the 16 age groups in each HS. Only for HS 2 is b > 1 significantly, assuming the

Number of people (vertical axis) as a function of CCI (horizontal axis) in HS 1

Age 19 to 22 Age 23 to 26 Age 27 to 30 104 Age 31 to 34
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Fig. 3 For HS 1, the number of people in each 4-year age group (vertical coordinate of black x) who
have each value of eCCI (horizontal coordinate of black X), and the fitted negative binomial distribu-
tion (green line). Source: PeopleVsCClbyAgeHS1 20250115-160715.png
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Number of people (vertical axis) as a function of CCI (horizontal axis) in HS 2
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Fig. 4 For HS 2, the number of people in each 4-year age group (vertical coordinate of black x) who
have each value of eCCI (horizontal coordinate of black X), and the fitted negative binomial distribu-
tion (green line). The sample variance differs most from the variance predicted by the negative bino-
mial distribution in the age groups 36-54. The other HSs do not show similar deviations in these age
groups. Source: PeopleVsCCIbyAgeHS2 20250115-160715.png

Number of people (vertical axis) as a function of CCI (horizontal axis) in HS 3
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Fig. 5 For HS 3, the number of people in each 4-year age group (vertical coordinate of black x) who
have each value of eCClI (horizontal coordinate of black X), and the fitted negative binomial distribu-
tion (green line). Source: PeopleVsCCIbyAgeHS3 20250115-160715.png
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Number of people (vertical axis) as a function of CCI (horizontal axis) in HS 4
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Fig. 6 For HS 4, the number of people in each 4-year age group (vertical coordinate of black x) who
have each value of eCCI (horizontal coordinate of black x), and the fitted negative binomial distribu-
tion (green line). Source: PeopleVsCCIbyAgeHS4 20250115-160715.png

correctness of the calculated confidence interval. In HS 1 and 3, b < 1 significantly,
and b is not significantly different from one in HS 4.

For HS 1 (New York) and HS 3 (Chicago) in Fig. 7, the age-specific predicted
Var (CCI) (blue x marks) increases as a concave function of the age-specific pre-
dicted mean F (CCT) compared to the fitted power-law (black) curve. This observa-
tion is consistent with the curved path of the circles in Fig. 2’s top left panel for HS
1 (New York). Likewise, in Fig. 2, New York’s HS 2 gives an M-shaped trajectory of
circles for Var (CCT) that is roughly concordant with the blue x markers in Fig. 7,
top right panel, compared to the fitted TL. Similarly, the panels for Chicago in the
bottom row of Fig. 7, like the panels for Chicago in the bottom row of Fig. 2, roughly
support TL.

Discussion
Summary and interpretation of main results

We show that in four HSs, two in New York City and two in Chicago, the varia-
tion (technically, the variance) in the enhanced Charlson Comorbidity Index (eCCI)
is systematically related to the average (or mean) of eCCI over all ages, including
above age 65, in approximate quantitative agreement with the quadratic Taylor’s law
(QTL). This pattern is consistent with the negative binomial distribution (NBD) of
eCCI within each age group.

In all four HSs, in each age group, the variance of eCCI substantially exceeds the
mean of eCCI. This observation rejects a Poisson model of variation in eCCI. Pois-
son variation, in which the variance of eCCI equals the mean of eCCI, would arise if
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Variance and mean predicted by parameters of negative binomial distribution
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Fig. 7 The variance Var (eCCI) = r(1 — p)/p? of a negative binomial distribution of individual
eCCl as a function of the mean E (CCT) = r(1 — p)/p for each age group in each HS (blue x mark-
ers) and a (black) curve, corresponding to a fitted Taylor’s law (1). Source: NegativeBinomialPredict-
edTLbyHS 20250117-115016.png

every cause of an increase by one unit in eCCI were independent of every other cause
and had an equal probability of causing an increase in eCCI. The medical conditions
that are counted in ¢eCCI are known not to be independent and not to be of identical
probability. Moreover, a majority of the chronic conditions listed in the definition of
eCClI are given a weight greater than 1, so the eCCI is not incremented by indepen-
dent units. The sample of people from each HS has more than Poisson variation in
eCCl, suggesting that the factors that contribute to eCCI are positively associated,
i.e., they tend to vary together. Moreover, these associations may change with age.

The variance and the mean of eCCI rise with age, at least up to age around 65,
in all four HSs. Aging brings increasing average multimorbidity (known already)
and increasing diversity of multimorbidity (described here). Increasing age brings
some older people more, and some older people less, multimorbidity than would
be expected from the increase in the mean of eCCI alone. Clinical practice guide-
lines should recommend protocols that take account of the increased diversity of
multimorbidity among older patients. To illustrate the problem, Martin et al. (2024,
p. 2) pointed out that “only 1 of 17 [clinical practice] guidelines approved by the
Australian National Health and Medical Research Council (NHMRC) considered
multimorbidity.” They added that “Age alone is a limited guide to heterogeneity, as
socioeconomic factors strongly impact age of onset of multimorbidity.” Many clini-
cal practice guidelines address multimorbidity indirectly through recommendations
for subgroups of patients with a primary diagnosis who also have additional chronic
conditions, e.g., hypertension and diabetes (American College of Cardiology/Ameri-
can Heart Association Joint Committee on Clinical Practice Guidelines, 2025, Sect.
5.3 on comorbidities).
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Future research

We found that the negative binomial distribution (NBD) describes well the frequency
distribution (histogram) of eCCI within nearly every four-year age group in all four
HSs. The NBD results from at least three different processes or models (Bailey, 1964;
Grimmett & Stirzaker, 2001): heterogeneity, contagion or cumulative disadvantage,
and sampling.

Heterogeneity: the NBD is a mixture of Poisson distributions with gamma-distrib-
uted means. In greater detail, if an age group contains subgroups, and each subgroup
has a Poisson distribution of eCCI, and the mean eCClIs of the different subgroups vary
according to a gamma distribution, then the whole age group has an NBD of eCCI.

Testing this mechanism empirically requires stratifying each age group into sub-
groups by socially observable features (for example, sex, marital status, education,
socioeconomic status, tobacco use, drug use, alcohol use, exercise, sleep, diet, and
relationships), environmental exposures, genotypes, biomarkers and other charac-
teristics. Then it must be shown whether each subgroup has a Poisson distribution
of eCCI and whether the mean eCClIs of the different subgroups vary according to a
gamma distribution. The required data are cross-sectional, not longitudinal.

Contagion: the more chronic conditions a person has, at any age, the higher the
risk that the person will acquire an additional chronic condition. Statistical contagion
in multimorbidity could be viewed as cumulative disadvantage. Testing this mecha-
nism empirically requires longitudinal data.

Sampling: when the parameter 7 is a positive whole number, suppose that, over
time, each person experiences a succession of independent random trials. Each trial
can either succeed or fail. If the trial fails, the person’s eCClI increases by one. If the
trial succeeds, the person’s eCCI remains unchanged. Once a person has r successes,
the sequence of trials stops. The number x of failures up to that point is the person’s
observed eCCI.

The limited data we have available for this study are insufficient to select among
these possible mechanisms. In addition, we cannot say to what extent the overdisper-
sion observed in the distribution of eCCI in each age group is due to the differential
weighting of chronic conditions with scores of 1, 2, 3 or 6 and to what extent the
overdispersion is due to heterogeneity in the relative frequencies (estimated prob-
abilities) of the different conditions. In future work, we could simulate record-level
data under assumptions supported by the data and see where the observed data fall
along the sampling distribution (as in Talih & Fricker, 2002). The multiple possibili-
ties suggest questions for future research.

All FQHCs studied here serve low-income and minority communities, and all are
subject to adverse effects of social determinants of health, resulting in accelerated bio-
logical aging (Charlson et al., 2024). Log-variance of eCCI increases less than linearly,
i.e., concavely, with log-mean of eCCI in HS 1, HS 2, and HS 3. A reviewer suggested
that this concave relation could profitably be compared with the log-log variance func-
tions of populations with high socioeconomic status and more rectangular survival
curves. We suggest that future work comparing the allostatic load (Seeman et al., 2001;
McEwen, 2012) of different populations could reveal possible associations among life
stressors, survival and the slope of the log-log variance function.
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For possible future clinical interventions, to identify risk groups and opportuni-
ties for patient education and more intensive monitoring and intervention, it would
be desirable to stratify each age group by characteristics such as sex, marital status,
educational attainment, behavior (smoking, drug use, alcohol use, exercise, sleep,
diet, relationships), socio-economic status, environmental exposures, and others. The
features associated with individuals with high and low eCCI (relative to their age
group) may offer clues to possible preventive interventions or behavioral changes.

The 39 conditions included in the eCCI generate 23° ~ 5.5 x 10! possible com-
binations of conditions. Identifying each patient’s combination of conditions would
make it possible to examine the marginal frequency of each condition and the asso-
ciations, positive and negative, among conditions. The UK Biobank, EPIC Cosmos,
TriNetX and other biobanks and electronic health records (EHR) repositories may
offer opportunities to extend this type of analysis.

Limitations of the present analysis include the cross-sectional nature of the data.
We compare individuals of different ages who are observed only once. We are unable
to disentangle the mixture of effects of age, aging, period, and cohorts. Longitudinal
electronic health records containing medical history for the oldest age groups would
make it possible to calculate the eCCI retrospectively for those individuals, say, at
each age 10, 20, 30, ... years earlier, and to compare the trajectories (mean, variance,
and relation of variance to mean) over increasing age of individuals at an advanced
age who have low e¢CCI with the trajectories of individuals who have high ¢CCI at
an advanced age, allowing a more granular observation of the association between
age and CCI variability among extreme phenotypes, such as younger individuals
with high multimorbidity and older individuals with low multimorbidity. Longitudi-
nal records of medical history would also make it possible to evaluate the influence of
selective or differential survival on the distribution of eCCI among the living.
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