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Abstract

Background: Comprehensive conjoint characterization of long-term trajectories representing several biological systems is lacking.
Methods: We measured serially indicators representing 14 distinct biological systems in up to 3,453 participants attending four Framingham 
Study examinations: bone mineral density, body mass index (BMI), C-reactive protein, glomerular filtration rate, forced vital capacity (FVC), 
1 second forced expiratory volume/FVC ratio (FEV1/FVC), gait speed, grip strength, glycosylated hemoglobin (HbA1c), heart rate, left 
ventricular mass, Mini-Mental State Examination (MMSE), pulse pressure, and total/high-density lipoprotein cholesterol ratio (TC/HDL).
Results: We observed that correlations among the 14 sex-specific trajectories were modest (r < .30 for 169 of 182 sex-specific correlations). 
During follow-up (median 8  years), 232 individuals experienced a cardiovascular disease (CVD) event and 393 participants died. In 
multivariable regression models, CVD incidence was positively related to trajectories of BMI, HbA1c, TC/HDL, gait time, and pulse pressure 
(p < .06); mortality risk was related directly to trajectories of gait time, C-reactive protein, heart rate, and pulse pressure but inversely to 
MMSE and FEV1/FVC (p < .006). A unit increase in the trajectory risk score was associated with a 2.80-fold risk of CVD (95% confidence 
interval [CI], 2.04–3.84; p < .001) and a 2.71-fold risk of death (95% CI, 2.30–3.20; p < .001). Trajectory risk scores were suggestive of a 
greater increase in model c-statistic compared with single occasion measures (delta-c compared with age- and sex-adjusted models: .032 vs 
.026 for CVD; .042 vs .030 for mortality).
Conclusions: Biological systems age differentially over the life course. Longitudinal data on a parsimonious set of biomarkers reflecting key 
biological systems may facilitate identification of high-risk individuals.
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Biological systems within the human body can be conceptualized as 
being organized at the organ or tissue level (eg the circulatory and 
respiratory systems) or at an ultrastructural level characterized by 
cells, organelles, and various regulatory pathways (1). Indicators at 
both levels have been suggested as biomarkers of the aging process. 
Numerous prior studies have shown that a decline in function of 
individual biological systems (as reflected by select biomarkers) is 

associated with an increased risk of mortality and other adverse clin-
ical outcomes (2–14). Certain studies have also demonstrated that 
longitudinal trajectory patterns of distinct biological systems may 
offer incremental prognostic value for predicting adverse outcomes 
over single occasion measures and over other time-averaged meas-
ures (not summarized as trajectories) (4, 12–14). Nevertheless, prior 
investigations evaluated trajectory profiles typically over a short 
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time frame and usually focused on a given biological system; they do 
not provide a comprehensive conjoint characterization of long-term 
trajectories representing several biological systems.

Our objective was to gain insight into the characteristics of and 
outcomes associated with multisystem aging to develop a set of vari-
ables that could facilitate identification of high-risk individuals. To 
reach this objective, we used data from up to 3,453 participants of 
the Framingham Heart Study Offspring cohort to derive long-term 
trajectory profiles for 14 distinct biological systems. We hypoth-
esized that trajectories of these biological systems would vary by 
sex and from each other, and that a set of biomarkers reflecting key 
biological systems may facilitate identification of individuals at high 
risk of developing adverse outcomes. We tested our hypothesis using 
longitudinal data obtained over a 25  year observation in a large 
community-based sample.

Methods

Study Sample
Overall, 3,799 participants attended the fifth examination cycle of 
the Framingham Offspring cohort, a community-based cohort study 
(Figure 1 and Supplementary Methods S1) (15, 16). To characterize 
mid- to late-life biological system trajectories, we focused our inves-
tigation on individuals aged 45–74 years who had repeated measure-
ments for at least one of the 14 biological systems between the fifth 
(1991–1995) and eighth (2005–2008) examination cycles (Figure 1). 
After deriving sex-specific trajectory patterns for these 14 biological 
systems, we imputed missing data to achieve a sample of 3,453 per-
sons with no missing data (Figure 1). Of these, 2,748 and 2,270 par-
ticipants who attended the eighth examination cycle were included 
in the analyses for either between-trajectory correlations and risk of 
mortality, or for analyses that related the trajectories to cardiovas-
cular disease (CVD) incidence, respectively (Figure 1). The relations 

of traits measured on a single occasion (at examination cycle eight) 
with incident CVD and death were assessed in 2,182 and 2,319 indi-
viduals, respectively (Figure 1).

Boston University Medical Center’s institutional review board 
approved all study protocols, and all participants gave written 
informed consent.

Exposure Variables
We performed repeated, standardized measurements of surrogate 
markers representing 14 distinct biological systems at four study 
cycles between 1991 and 2008 (Supplementary Figure  S1 and 
Supplementary Methods S2). For these 14 biological systems, we 
derived sex-specific longitudinal trajectories that were used as the 
exposure variables. The surrogate markers (listed alphabetically) 
and their respective biological systems (in parentheses) were bone 
mineral density (BMD; skeletal system), body mass index (BMI; 
adipose tissue), C-reactive protein (CRP; inflammation), estimated 
glomerular filtration rate (eGFR; kidney function), forced vital 
capacity (FVC; pulmonary vital capacity), ratio of forced expira-
tory volume in 1 second and FVC (FEV1/FVC; obstructive lung 
function), gait time/speed (neuromotor function), grip strength 
(muscular function), glycosylated hemoglobin (HbA1c; glucose 
homeostasis), heart rate (chronotropic function), left ventricular 
mass index (LVMI; heart mass), Mini-Mental State Examination 
(MMSE; cognitive function), pulse pressure (vascular pulsatile 
hemodynamic function), and the ratio of serum total cholesterol 
and serum high-density lipoprotein cholesterol (TC/HDL; lipid 
metabolism).

Outcomes
We used incident CVD, non-CVD mortality, and all-cause mortal-
ity after examination eight as the outcome variables (Supplementary 
Methods S3).

Statistical Methods
We used latent class  models to identify subgroups that shared a 
similar underlying trajectory for each of the 14 biological systems 
(17, 18). These models were fitted separately in men and women 
using SAS Proc Traj, adjusting for age at examination five. In add-
ition, FEV1/FVC is adjusted for height, FVC is adjusted for height, 
HbA1C is adjusted for diabetes medication use, heart rate is adjusted 
for beta blocker/aminoglycoside use, and TC/HDL ratio for lipid-
lowering medication use (Supplementary Methods S4) (17, 18). We 
assigned scores of one (best trajectory with lowest absolute values 
for harmful risk factors and highest values for protective risk fac-
tors), two (intermediate trajectory), or three (worst trajectory with 
highest absolute values for harmful risk factors and highest values 
for protective risk factors) if we observed three distinct trajectories 
for a biological system. We assigned scores of one for best and two 
for worst if we observed two distinct trajectories. Thus, for BMD, 
eGFR, FEV1/FVC, FVC, gait time, grip strength, and MMSE, a 
higher score reflected a more optimal score. To address missing data 
for trajectories, we imputed 10 complete datasets of trajectory scores 
using the Markov Chain Monte Carlo method (19, 20). Our imput-
ation model included sex, age, and CVD status at examination eight, 
all 14 trajectory scores, outcome indicators (death, incident CVD) 
plus natural log of cumulative hazard for death. After imputation, 
we rounded trajectory scores to nearest integers and we winsorized 
extreme values to produce trajectory scores of one, two, and three 
(Supplementary Methods S4).

Figure  1. Flow chart showing sample selection. The range of sample sizes 
(1,825–3,453) indicates the unimputed sample sizes. CVD = Cardiovascular 
disease.
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We assessed the correlations between biological system trajec-
tories using Spearman’s correlation, separately in men and women. 
We tested for sex differences in the correlations using Fisher’s r-to-z 
transformation. In these analyses, we chose a Bonferroni-corrected 
statistical significance threshold of .0055 (.05/91) to account for 
comparing 91 pairs of correlation coefficients for each sex.

We related the individual biological system trajectories to the 
incidence of CVD, mortality, and non-CVD mortality after examin-
ation eight using Cox regression models, adjusting for sex and age at 
examination eight (Supplementary Methods S4). We assessed the dif-
ferences in hazard ratios between men and women using a z test. We 
examined the multivariable associations of the 14 biological system 
trajectory patterns with CVD incidence and with death using pro-
portional hazards (Cox) regression models with forward selection. 
We forced age at examination 8 and sex in these models and used an 
entry threshold of p < .05.

To assess the risk associated with several adverse trajectories 
simultaneously, we defined trajectory risk scores for CVD and 
mortality for each participant. We calculated the sum of trajec-
tory scores for those biological systems that entered the forward 
selection models, weighted according to their corresponding 
regression coefficients. We then used the trajectory risk score as a 
continuous variable in a sex- and age-adjusted Cox proportional 
hazards regression model. We used Cox models and unadjusted 
cumulative incidence functions to illustrate the relations of 
the trajectory risk scores and traits measured on a single occa-
sion (at examination eight) to the risk of CVD and mortality. 
Supplementary Methods S4 contains details on the derivation of 
the trajectory risk score. We assessed model discrimination using 
the c-statistic. A  two-sided p < .05 was considered statistically 
significant. We performed statistical analyses using SAS software 
version 9.4 (SAS Institute, Inc.).

Results

The characteristics of participants who were included to derive the 
biological system trajectories or in the main analyses are shown in 
Table 1.

Modeling the Biological System Trajectories
We observed two or three distinct underlying longitudinal sex-
specific trajectories for the 14 biological systems (Supplementary 
Table S1, Figure 2). Most trajectories were parallel; however, a few 
trajectories showed nonlinearity, notably gait time, and MMSE 
(Figure 2). In general, most participants were on the best and inter-
mediate trajectories (Supplementary Table S2).

Among-Trajectory Correlations
Correlations among biological system trajectory patterns, 
within sex, are shown in Figure  3 and corresponding p val-
ues are shown in Supplementary Table  S3. Most correlations 
were weak in both sexes (r < .30 for 169 of 182 sex-specific 
Spearman correlations), except among pulse pressure, eGFR, 
FVC, and grip strength (ie Spearman r ≥ 0.30). In addition, 
BMI was moderately related to LVMI and CRP. We observed 
higher correlations in women than in men: for TC/HDL ratio 
with CRP, eGFR, FEV1/FVC, FVC, grip strength, LVMI, and 
pulse pressure; and for BMI-CRP, BMD-grip strength, eGFR-
heart rate, and heart-rate pulse pressure associations (p < .005 
for all).

Relation of Biological System Trajectories With CVD 
Incidence
During a median follow-up of 8 years, 232 individuals experienced 
a CVD event. Relations of individual biological system trajectories 
and CVD events after examination 8 are shown in Supplementary 
Figure S2. BMI, CRP, gait time, HbA1c, heart rate, pulse pressure, 
and TC/HDL trajectories were positively associated with incident 
CVD. In a multivariable model with forward selection of variables, 
TC/HDL, BMI, gait time, HbA1c, and pulse pressure (in order of stat-
istical significance) were associated with CVD incidence (Figure 4).

Relation of Biological System Trajectories With 
Mortality
During a median follow-up of 8 years, 393 participants 
died.  Distributions of CVD and non-CVD deaths after examin-
ation 8 by biological system trajectory are shown in Supplementary 
Table S4. Relations of biological system trajectories with all-cause 
mortality are shown in Supplementary Figure S3. Generally, being 
on a worse trajectory was associated with increased risk of mortal-
ity. Trends in risk were similar for men and women (Supplementary 
Table S5). We observed sex-specific differences only for MMSE, for 
which the worst trajectory was more strongly associated with mor-
tality in women compared with men (p = .02 for difference in hazard 
ratios). In a multivariable model with forward selection of variables, 
mortality risk was directly associated with gait time, CRP, heart rate, 
pulse pressure, MMSE, and FEV1/FVC (in order of statistical sig-
nificance, Figure 5). We also performed a similar analysis for non-
CVD mortality, in which we observed that non-CVD mortality was 
related to gait speed, CRP, MMSE, FEV1/FVC, HbA1C, and pulse 
pressure (in order of statistical significance) in multivariable models 
(Supplementary Table S6).

Relation of Biological System Trajectory Risk Scores 
With CVD and All-Cause Mortality
We estimated two biological system trajectory risk scores for CVD 
incidence and mortality based on the four and seven biological sys-
tem trajectories that were significantly related to their respective 
outcomes in the multivariable models (Figures 4 and 5). In the tra-
jectory risk score for CVD (mean: 0.39 ± 0.37; limits 0.00–2.54), we 
observed that a one-unit increase was related to a 2.80-fold risk of 
incident CVD (95% confidence interval [CI], 2.04–3.84; p < .001). 
Likewise, for the mortality risk score (mean: 1.02  ±  0.69; limits 
0.00–3.92), a one-unit increase was associated with a 2.71-fold risk 
of death (95% CI, 2.30–3.20; p < .001). The cumulative incidence of 
CVD and death according to tertiles of the corresponding trajectory 
risk score is shown in Figure 6.

We assessed the changes in c-statistics when trajectory risk 
scores, instead of the same traits measured on a single occasion (last 
available measurement, ie at the eighth examination cycle), were 
included as predictors of incident CVD and death after examination 
eight resulted in greater increments in the model c-statistic (relative 
to models incorporating age and sex alone). For incident CVD, the 
model with age and sex produced a c-statistic, c = .704, but when 
we added the trajectory risk score for CVD it gave c = .736 (change 
in c-statistic, .032). The c-statistic for death was .756 in a model 
with age and sex, which increased to .798 (change in c-statistic, 
.042) when we added the trajectory risk score for death. Similarly, 
we added single occasion traits (measured at the eighth examination 
cycle [last available measurement in our analyses] and corresponding 
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to biological system trajectories that were significant in multivari-
able models, Figures 4 and 5) to models with age and sex, observing 
c-statistic increases of 0.026 and 0.030 for incident CVD and death, 
respectively (Supplementary Table S7).

Discussion

The World Health Organization defines health as a multidimen-
sional concept and “not merely the absence of disease and infirmity” 
(21). Therefore, optimizing health requires a holistic approach char-
acterized by the optimal conjoint functioning of all biological sys-
tems. Our principal findings on the characteristics of and outcomes 
associated with multisystem aging over the adult life course are four-
fold. First, although the individual trajectories of distinct biological 
systems are mainly parallel (within system comparison), their differ-
ing slopes (across systems comparison) suggest that these biological 
systems may age at a different rate. Second, sex-specific differences 
in biological system trajectories are modest. Third, membership in a 
worse trajectory group in virtually all biological systems is related 
to increased risk of mortality. Fourth, a few select biological system 
trajectories can be used as indicators to capture the essence of risk 
related to death and CVD.

Although numerous studies have assessed the association be-
tween biomarkers of single biological systems and adverse outcomes 
(2–14), few have simultaneously characterized longitudinal trajecto-
ries for multiple biological systems (22, 23). However, the results of 
prior studies are not easily comparable to ours as these investigations 
often used absolute change in biomarker values, instead of trajectory 

profiles, as the exposure variables. Furthermore, these studies did not 
always relate the trajectory patterns to clinical outcomes (22, 23).

Our results demonstrate that function of different biological sys-
tems during mid- to late-life follows two or three main trajectories in 
men and women (Figure 1). We also observed that most individuals 
were on the best and intermediate trajectories for each organ system, 
for which there are several plausible reasons, such as measurement 
error, lack of drastic change over the time period measured, or a 
healthy state being more predominant than a diseased state for each 
individual organ system. Only cognitive (MMSE) and neuromotor 
(gait speed) function demonstrated clearly nonparallel trajectory 
patterns with a faster decline in function for individuals who were 
on the worst trajectory. Rapid decline in these traits, and particularly 
in gait speed, was also strongly related to increased risk of mortality, 
a finding also supported by some previous studies (13, 24). For most 
traits, however, we observed that individual trajectories of a bio-
logical system during mid- to late-life are often parallel. Biological 
systems have a functional reserve to serve beyond the regular needs, 
but after age 30 years, loss of this reserve begins (25). Our findings 
highlight the importance of the acme of biological system function 
that may be achieved around age 20 to 30 years, a decade that likely 
reflects a critical transition point of development and aging (26). 
After this point, the decline in biological system function seems to 
be mainly linear. Overall, the parallel pattern of trajectories under-
scores the importance of prevention efforts early in young adulthood 
to promote and maintain optimal risk factor profiles, ie before the 
establishment of adverse trajectory profiles.

Although the trajectories for distinct biological systems were 
mainly parallel (Figure  1), the correlations between the trajectory 

Table 1. Characteristics of The Framingham Heart Study Offspring Cohort Participants Included in Analyses for Deriving the Trajectory 
Patterns (maximum n = 3,453) or in the Cross-sectional and Outcome Analyses (maximum n = 2,748)

Characteristics of the Trajectory Derivation  
Sample at in 1991–1995

Characteristics of the Cross-sectional and Outcome  
Analysis Sample at in 2005–2008

Women Men Women Men

Characteristic n Measure n Measure n Measure n Measure

Age, y 1,852 54.6 (9.3) 1,601 54.9 (9.2) 1,516 67.2 (8.9) 1,232 67.1 (8.6)
BMD, g/cm2 1,578* 0.91 (0.15) 1,243 1.04 (0.15) 925 0.90 (0.13) 792 1.0 (0.2)
BMI, kg/m2 1,837 26.8 (5.5) 1,596 28.2 (4.1) 1,457 27.7 (5.8) 1,202 29.0 (4.7)
CRP, mg/dL, median 
(IQR)

1,786 1.7 (0.3, 5.6) 1,568 1.5 (0.4, 4.3) 1,443 1.6 (0.8, 3.5) 1,199 1.5 (0.8, 2.9)

eGFR, mL/min/1.73 m2 1,542 89.1 (19.4) 1,353 88.9 (18.7) 1,442 77.3 (16.4) 1,199 77.7 (16.5)
FEV1/FVC, % 1,593 0.74 (0.07) 1,383 0.73 (0.07) 1,308 0.73 (0.07) 1,052 0.71 (0.08)
FVC, mL 1,593 3313 (595) 1,383 4611 (833) 1,308 3037 (590) 1,052 4341 (904)
Gait time, s 1,222† 3.4 (1.1) 1,059 3.3 (0.7) 1,452 3.6 (1.0) 1,192 3.5 (0.9)
Grip strength, kg 1,116† 24.3 (7.6) 966 42.9 (10.1) 1,474 23.3 (6.0) 1,212 40.5 (9.7)
Hba1c, % 1,328 5.4 (0.9) 1,126 5.5 (1.1) 1,449 5.7 (0.6) 1,203 5.7 (0.7)
Heart rate, 1/min 1,852 67.3 (10.7) 1,601 63.2 (11.3) 1,516 63.9 (10.2) 1,231 60.8 (10.9)
LVMI, g/m2 1,492 86.8 (18.6) 1,132 103.9 (20.7) 1,227 86.6 (18.4) 900 103.6 (19.9)
MMSE, points 1,845 29.1 (1.3) 1,593 28.6 (1.6) 1,505 28.6 (2.5) 1,221 28.2 (2.1)
Pulse pressure, mmHg 1,852 51.7 (16.1) 1,601 52.6 (14.0) 1,514 58.7 (17.6) 1,231 57.3 (16.1)
TC/HDL ratio 1,829 4.0 (1.4) 1,590 5.0 (1.5) 1,449 3.3 (0.9) 1,202 3.7 (1.1)
BP medication, No. (%) 1,844 315 (17.1) 1,595 312 (19.6) 1,515 706 (46.6) 1,230 674 (54.8)
Lipid medication, No. (%) 1,852 105 (5.7) 1,600 143 (8.9) 1,515 578 (38.2) 1,230 615 (50.0)
Diabetes medication, 
No. (%)

1,851 51 (2.8) 1,601 62 (3.9) 1,466 117 (8.0) 1,159 142 (12.3)

Note: BMD = Bone mineral density; BMI = Body mass index: CRP = C-reactive protein; eGFR = Estimated glomerular filtration rate; FEV1 = 1 Second forced 
expiratory volume; FVC = Forced vital capacity; HbA1c = Glycated hemoglobin; HDL = High-density lipoprotein cholesterol; LVMI = Left ventricular mass index; 
MMSE = Mini-Mental State Examination; TC = Total cholesterol. *Presenting examination was six instead of five. †Presenting examination was seven instead of 
five.
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patterns of various biological systems were mostly weak (Figure 2). 
Only vascular (pulse pressure) and muscular (grip strength) function 
demonstrated moderate (r ≥ 0.30) correlations with other biological 
systems. Interestingly, the correlations in biological system trajectory 
patterns were generally similar in both magnitude and direction in 
men versus women, with very few sex-specific differences (Figure 2). 
This phenomenon may be partly explained by both the randomness 
in error accumulated over time and the possibility that different bio-
logical systems may not age synchronously (using select biomark-
ers as indicators for the systems evaluated). Thus, an individual’s 
select biological system may be on a poor trajectory, whereas others 
may simultaneously be on an optimal trajectory. The mechanisms 

Figure  2. Biological system trajectories between examinations five and 
eight by sex. All trajectory models were adjusted for age at examination 
five. In addition, FEV1/FVC is adjusted for height, FVC is adjusted for height, 
HbA1C is adjusted for diabetes medication use, heart rate is adjusted 
for beta blocker/aminoglycoside use, and TC/HDL ratio for lipid-lowering 
medication use. Only observed, and not predicted, values are shown. 
BMD  =  Bone mineral density; BMI  =  Body mass index: CRP  =  C-reactive 
protein; eGFR  =  Estimated glomerulal filtration rate; FEV1  =  1 Second 
forced expiratory volume; FVC = Forced vital capacity; Grip = Grip strength; 
HbA1c  =  Glycated hemoglobin; HR  =  Heart rate, LVMI  =  Left ventricular 
mass index; MMSE = Mini-Mental State Examination; PP = Pulse pressure; 
TC = Total cholesterol; HDL = High-density lipoprotein cholesterol.

Figure 3. Correlations between biological system trajectory patterns by sex 
(n  =  2,748). Numbers represent Spearman correlation coefficients × 100. 
BMD  =  Bone mineral density; BMI  =  Body mass index; CRP  =  C-reactive 
protein; eGFR = Estimated glomerular filtration rate; FEV1 = 1 Second forced 
expiratory volume; FVC = Forced vital capacity; HbA1c = Glycated hemoglobin; 
LVMI = Left ventricular mass index; MMSE = Mini-Mental State Examination; 
TC = total cholesterol; HDL = High-density lipoprotein cholesterol.

Figure  4. Multivariable associations between biological system trajectories 
and cardiovascular disease events after examination eight (n  =  2,270). All 
hazard ratios are adjusted for age at examination eight and sex. Number 
of events and persons may not add up as they are based on the means of 
10 imputed datasets. BMD, CRP, eGFR, FEV1/FVC, FVC, grip strength, heart 
rate, LVMI, and MMSE did not reach the entry threshold of p < .05 and 
were not included in the multivariable model. The biological systems in the 
multivariable model are reported in the order of significance. BMI  =  Body 
mass index; CI = Confidence interval; HR = Hazard ratio; HbA1c = Glycated 
hemoglobin; TC = Total cholesterol; HDL = High-density lipoprotein cholesterol.
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underlying the nonsynchronous aging of biological systems remain 
unclear, although a recent animal study by Ori and colleagues may 
offer some insight (27). In this study, the investigators characterized 
gene expression, bulk translation, and cell biology in the brains and 
livers of young and old rats. Although some protein-level differences 

appeared to be a generic property of the rats’ chronological age, 
the majority were organ-specific. The authors speculated that the 
observed differences could be a consequence of the organ’s physi-
ology or the chronological age of the cells within the tissue (27). 
Additional studies of these phenomena are clearly warranted.

We observed in univariable analyses that being on a worse tra-
jectory for virtually any organ system was associated with increased 
risk of mortality. However, this finding did not apply to CVD risk as 
only trajectories for neuromotor function (gait speed) and six other 
biological systems that used established CVD risk factors as surro-
gates were related to CVD outcomes. In multivariable models, five 
and six biological system trajectories were related to CVD incidence 
and mortality risk, respectively. Our results, therefore, indicate that 
a relatively parsimonious set of biological system trajectories can be 
effectively used to capture the risk of adverse outcomes.

Of all the variables related to outcomes, gait speed in particular 
stands out as it was the strongest predictor of mortality while being 
simultaneously associated with CVD outcomes. Instead of being a 
marker of driven predominantly by central and peripheral neuromotor 
function, gait speed is influenced also by vision, cardio-respiratory fit-
ness, and individual motivation (to accomplish task). Gait speed could, 
therefore, also be used as an outcome, instead of as a predictor, when 
studying the biological reasons for aging. Our finding extends from 
prior work demonstrating that predicted 10 year survival across the 
range of cross-sectionally measured gait speeds ranged from 19 to 91 
per cent, and that predicted survival based on age, sex, and gait speed 
was as accurate as predicted survival based on age, sex, and eight other 
clinical variables (28). Furthermore, gait speed has been shown to be a 
summary index measuring impairments across multiple physiological 
systems (29). Gait speed and gait speed trajectories can, therefore, be 
considered as one of the simplest and most accessible indicators of the 
health, especially in older age (30). The association of gait speed tra-
jectories with CVD risk is particularly intriguing. It is likely that gait 
speed is both a marker of frailty of vascular aging and also may reflect 
lower skeletal muscle oxygen extraction capacity. In select forms of 
CVD such as overt heart failure, symptomatology localized to skeletal 
muscles may be a marker of mortality risk (31, 32).

Our results analyzing tertiles of trajectory risk scores highlight 
that conjoint membership in several suboptimal organ system trajec-
tories is related to considerably elevated risk of CVD incidence and 
mortality. For instance, in our study, being in the highest tertile of a 
biological system trajectory risk score for mortality was associated 
with over fivefold increase in cumulative incidence of 10 year mortal-
ity compared with the lowest tertile (Figure 5). Furthermore, includ-
ing trajectory risk scores, instead of the same traits measured on a 
single occasion, as predictors of incident CVD and death resulted in 
numerically greater increments in the model c-statistic (relative to 
models incorporating age and sex alone). This result is in line with 
those from previous studies that have demonstrated that longitudinal 
trajectory patterns of distinct biological systems may offer incremen-
tal prognostic value for predicting adverse outcomes over single occa-
sion measures (4, 12–14). However, other studies have also concluded 
that repeated measures may offer only little additional value (33). 
Our results suggest that long-term trajectories of select biological sys-
tems may facilitate the discrimination of individuals at varying risk.

Although our study has several strengths, several limitations 
of our study also should be acknowledged. First, data for BMD, 
grip strength, and gait speed were missing for several individuals. 
However, we used a multiple imputation approach to incorporate 
information for participants with such missing data. Second, only 
individuals who attended examination cycle eight were included 
in the analyses relating trajectories to risk of clinical outcomes, 

Figure 5. Multivariable associations between biological system trajectories 
and risk of death after examination eight (n  = 2,748). All hazard ratios are 
adjusted for age at examination eight and sex. Number of events and persons 
may not add up as they are based on the means of 10 imputed datasets. BMD, 
BMI, eGFR, FEV1/FVC, FVC, grip strength, LVMI, and MMSE did not reach the 
entry threshold of p < .05 and were not included in the multivariable model. 
The biological systems in the multivariable model are reported in the order 
of significance. CI = Confidence interval; CRP = C-reactive protein; FEV1 = 1 
Second forced expiratory volume; FVC = Forced vital capacity; HR = Hazard 
ratio; MMSE = Mini-Mental State Examination.

Figure  6. Cumulative incidence of All-cause mortality and cardiovascular 
disease events after examination eight by tertiles of the corresponding 
biological system trajectory risk scores (n = 2,270 for cardiovascular events 
and n  =  2,748 for mortality). The lines represent unadjusted cumulative 
incidence function curves. Log-rank p < .001 for all 10 imputed datasets.
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undoubtedly leading to survivorship bias. However, the trajectories 
themselves were derived from datasets of individuals who had at 
least two measurements available between examination cycles five 
and eight, thereby possibly minimizing the effects of attrition. Third, 
our sample included predominantly white adults of European ances-
try, and thus the generalizability of our results to other ethnic groups 
remains unknown. Fourth, we did not study immune/hematopoetic 
system function or hepatic function, which may be predictors of 
CVD and mortality risk (34–37); biomarkers of these systems were 
not ascertained longitudinally on multiple occasions to render the 
construction of trajectories feasible. Fifth, trajectories that did not 
reach statistical significance in our multivariable models, such as 
kidney function (eGFR), may still be related to outcomes in case 
of more extreme trajectory values of a magnitude not seen in our 
ambulatory free-living community-based sample. Furthermore, it is 
also conceivable that in individuals with poor organ system function, 
the lack of a measure of organ system function may be actually more 
informative than the individual’s trajectory by itself. Sixth, we can-
not exclude the possibility of residual confounding, despite including 
trajectories of all 14 biological systems in the multivariable forward 
selection models. Seventh, we used MMSE, a relatively crude marker 
to test cognitive function as it was the only cognitive test available 
for several sequential Framingham Offspring cohort examinations. 
Eighth, because the Framingham Offspring cohort has been broadly 
phenotyped over a long period of time, only partial replication of 
our results is currently possible in other cohorts. Ninth, age, sex, 
and the 14 biological system trajectories were the only covariates 
considered in the multivariable models because we observed either 
significant associations (eg education or calory intake) or differential 
missingness (eg physical activity) for others.

Although the correlates and predictors of incident CVD and 
mortality are well known, our findings shed new light on the inher-
ent features of multisystem aging over the adult life course. In 
brief, our study demonstrates that the different biological systems 
do not age in parallel, with modest sex-related differences—a find-
ing supported by a prior study which demonstrated that changes 
in circulating aging-related biomarkers were poorly correlated 
(38). Furthermore, longitudinal data on only a limited number of 
biological systems trajectories are adequate to capture the risk of 
adverse outcomes better than by using single occasion measure-
ments. Our findings describe the characteristics of and outcomes 
associated with multisystem aging. However, with the increasing 
use of “big data” derived from electronic health records, our find-
ings could also be potentially used in the future as a framework to 
enable automatic, longitudinal health surveillance using trajecto-
ries of measures of common biological systems that are routinely 
ascertained. Such a scenario could facilitate personalized care and 
decision-making and provide targeted interventions to individuals 
at the highest risk of morbid outcomes, a premise that warrants 
further evaluation (39, 40).
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