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Ahstrati-Data from longitudinal studies may be analyzed both cross-sectionally and longi- 
tudinally. Discrepancies between estimates obtained from these analyses pose questions about the 
validity of cross-sectional estimates of change. In some cases these discrepancies are the result of 
period effects, cohort effects, or selective dropout. In others, they are the result of incomplete 
modeling of the process and are spurious rather than substantive. 

In this report, we show that when the true relation between a dependent variable and age is 
non-linear (e.g. quadratic), but is modeled as linear, the estimated age effect will be a function of 
the age distribution. In a continuous-time idealization, if the age distribution is Gaussian, the 
estimated age effects agree. If the age distribution is symmetric and the non-linearity is quadratic, 
cross-sectional and longitudinal results agree. Otherwise they do not. We illustrate these points by 
analysis of the relation between aging and pulmonary function in middle and old age using data 
from a large, prospective, longitudinal study. 

1. INTRODUCTION 

THE DECLINE of pulmonary function with age in adults has been well documented in many 
cross-sectional population samples [l, 21, but the reference values derived from these 
studies have an unknown relation to individual rates of decline. Cross-sectional studies 
may be confounded by secular changes (such as the progressive increase in the height of 
the population over time) and selective mortality, resulting in a survivor population that 
has superior pulmonary function and a slower estimated rate of change than seen in 
individuals [3]. Longitudinal studies are generally thought to provide better estimates of 
the true aging process, since each subject is his or her own control, and the change 
of function with time can be measured directly. However, longitudinal studies are difficult 
and expensive to conduct. They are also subject to equally important problems such as 
learning effects, loss to follow-up, and variability over time of equipment, technicians and 
subjects [3]. 

Even if these threats to validity do not operate, improper modeling of the aging process 
can produce dramatic differences between the aging effects estimated cross-sectionally (e.g. 
by performing ordinary least squares on all data) and longitudinally (e.g. by summarizing 
each individual’s data by a slope and then averaging these slopes) from the same data set. 
Specifically, when the true decline with age is non-linear but is modeled as linear, linear 
trends estimated longitudinally and cross-sectionally can differ. This discrepancy arises 
because the two analyses use different weighted averages of age-specific slopes to produce 
the estimated linear trend. 

This report examines the relation between longitudinally and cross-sectionally estimated 
linear trends when the aging effect is non-linear. We show that in a continuous-time 
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idealization, if the age distribution is Gaussian, the longitudinal and cross-sectional slopes 
agree no matter what the departure from linearity. Even in discrete time, if the age 
distribution is symmetric and the departure from linearity is quadratic, then cross-sectional 
and longitudinal slopes agree. After deriving these relations, we present analyses of lung 
function data that indicate departures from linearity but also help explain the general 
agreement between cross-sectional and longitudinal studies of age effects. 

2. LONGITUDINAL AND CROSS-SECTIONAL WEIGHTS 

2.1. The discrete case 

We assume that n subjects are studied with n(a) subjects of age a at their middle visit 
(a=l,. . . , A) and 2K + 1 measurements taken symmetrically about the middle visit. 
Though, in general, repeat observations from an individual may be correlated, we assume 
that each within-individual longitudinal slope is computed by least squares using all data 
for that individual. The least squares slope has an expectation that depends on the number 
of visits (2K + 1) and the departure from linearity [4]. But with a quadratic departure, this 
expectation equals b(a), where a is the middle visit and b(a) is defined implicitly in 
equation (3) and can be considered an age-specific slope. For example, with K = 1 (three 
data points per person), the least squares slope has expectation {b(a + 1) + 2b(a) 
+b(a - 1)}/4. When the curve is quadratic, {b(a + 1) + b(a - 1)}/2 = b(a). Therefore, in 
the quadratic case, with wL(a) = n(a)/n, it is easy to show that the average of the 
within-individual longitudinal slopes is an estimate of 

A 

k= C w&Y+). 
a=1 

Figure 1 depicts a typical situation. We assume that the cross-sectional analysis is based 
on a regression using only the middle visit for each individual. The least-squares slope 
using the middle visit estimates the quantity: 

bc = i &a)b(a), 
o=l 

where wc is defined in equation (2), and in general is different from wL(a). 
These assumptions permit a clean presentation. Exploiting the correlation structure of 

repeated observations, using more than the middle visit or departing from a quadratic 
model produces a different relation between longitudinal and cross-sectional analyses, but 
our general point would still apply. For example, even with repeated cross-sectional 
analysis (equivalently using all 2K + 1 visits) in general the cross-sectional and longitudinal 
results will not agree. 

20 38 V8 58 68 78 
AGE 

1. Idealized non-linear age effect and age-specific linear slopes. 
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Deriving the cross-sectional weights involves writing out the usual least-squares formula, 
re-expressing the formula in terms of age-specific slopes, and grouping terms. 

Theorem 1. The cross-sectional weights (wc) relate to the longitudinal weights (wL) 
through: 

(A - +%(A )/2, a=A 

WC(a) = 0 -* 

1 

,,=$+, (v - 4wdv) + (a - Z)w,(a)/2, 2 < a G A - 1 (2) 

(c.i - l)w,(1)/2 a = 1 

where G = Xw,(a)a is the age distribution mean, and a2 = XwL(a)(a - ii)’ is the age 
distribution variance. 

Corollary. In the special case when wL is uniform, so wL(a) = A -I, a = 1, . . , A, the 
cross-sectional weights are proportional to: 

1 

(A - l), a=lorA 

wda) K 
2a(A-a)+(a-y),ZQaQA-1 

(2’) 

Proof (for general non-linearity). By least-squares 

bc = O-* i w,(a)(a - i)y(a), 
u=l 

where y(a) is the expected value for the dependent variable at age a. To write this formula 
in terms of age-specific slopes substitute the representation: 

y(a + 1) -y(a) = {b(a + 1) + b(a)}/2. (3) 

Collecting terms produces the desired result. 
Appendix A presents analysis of the idealized case where the age distribution is 

continuous. 

2.2. Implications of the results 

Notice that in general wL(a) # w,(a), so unless b(a) s b [a linear aging effect] the 
longitudinal and cross-sectional approaches usually estimate different quantities. This 
difference depends only on the age-distribution and the age-specific slopes, and not on 
possible period and cohort effects. In general, formula (2) shows that w&a) puts more 
weight on ages near d than does wL(a). For example, if the age distribution is uniform, 
(wL(a) = constant), then WC(a) is dome-shaped (formula (2’) and Fig. 2). Formula (2) also 
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FIG. 2. Relation between longitudinal (dashed line) and cross-sectional (dotted line) weights when 
the age distribution is discrete uniform between 28 and 77 years. 
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indicates that a skewed set of weights (wJ transforms into a set wc that is more symmetric. 
A symmetric set of w,_ transforms into a symmetric set wc, but the weights do not 
necessarily agree. These discrepancies between wL and wc produce the discrepancy in the 
weighted average of age-specific slopes. 

There are situations, however, where the cross-sectional and longitudinal analyses agree. 
The continuous case (Appendix A) makes these relations more transparent and mathe- 
matically tractable. Theorems in the Appendix demonstrate that if wt is a Gaussian 
distribution, then wc is identical to it. Also, if the true age effect is quadratic and the age 
distribution is symmetric (but not necessarily Gaussian) then wL and wc are identical. 
In these two situations, cross-sectional and longitudinal slopes agree. 

3. DATA ANALYSIS OF LUNG FUNCTION 

Our data come from a large longitudinal study of lung function [S]. Six communities 
were selected to represent a cross section of air pollution levels from relatively high to 
relatively low values on the basis of existing historical data for each community in 1974. 
The six communities are Watertown, Mass.; Kingston-Harriman, Tenn.; Steubenville, 
Ohio; a geographically defined portion of St Louis, MO.; Topeka, Kans; and Portage, Wis. 
Two cities were studied each year starting in September 1974. 

Random samples of adults ages 25-74 were selected in each community and invited to 
come into a central office to complete a standardized respiratory disease questionnaire and 
to perform pulmonary function on a water-filled 8-liter recording spirometer [5]. Those not 
attending the central office were seen in their homes when possible. In all cases, spirometry 
was performed in the sitting position without nose clip. Height in stockings was measured 
against a wall with a right angle. Forced expiratory volume in one second (FEV,) was 
measured in a standard fashion [6,7] and corrected to Body Temperature and Pressure 
Saturated. 

Each participant was invited back for follow-up examinations 3 and 6 years after the 
first examination. Again a standardized respiratory disease questionnaire was used to 
obtain the illness history. Pulmonary function was measured using the same methods and 
calibrated equipment. We base these analyses on male never-smokers who gave acceptable 
spirographic measurements [8] at three consecutive visits. This selection produced 489 
individuals and 1467 observations. 

Statistical analyses were performed using the SAS [9, lo] system on an IBM 4341 
computer. Numerical calculations for Fig. 2 were programmed in BASIC on an IBM/PC. 
Cross-sectional analyses were performed by applying least squares multiple regression to 
visit-specific height-standardized lung function data on all subjects, using an intercept and 
age (sometimes with age-squared) as regressors [l]. Longitudinal analyses first produced 
linear (and quadratic) regressions from the three data points for each individual and 
summarized them over individuals. We did not model correlations among the mea- 
surements on an individual, but with three visits and stationary covariance the slope 
estimates agree. Thus, the individual linear term is (Y, - Y,)/6, and the quadratic term is 
(Y, - 2 Y, + Y,)/lS. All regressions were performed using FEV,/H’ as the dependent 
variable, where H is median standing height over the three examinations. Then, the results 
were converted to FEV, in ml for a 1.75 m male (the average height in our sample). 

The distribution of middle ages (wL in Table 1) has a range of 28-77, a mean of 49, 
SD = 13.6, skewness = 0.19. The data produce quite compatible cross-sectional and 
longitudinal pooled estimates of annual decline (Table 1). These overall estimates can be 
influenced by the age distribution if the true relation is non-linear, so this compatibility 
is not generalizable to studies with other age distributions. Comparison of the visit-specific 
cross-sectional estimates of annual decline shows a trend for each of the three visits 
(Table 2). The annual decline increases by about 0.75 ml for each year of aging that occurs 
between visits. Such a comparison of repeated cross-sectional analyses can give a warning 
of an analysis artifact caused, for example, by non-linear age effects. Learning may also 
influence the longitudinally estimated aging effects, without influencing estimates from 
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TABLE I. CROSS-SECTIONAL AND ~-VISIT LONGITUDINAL ESTIMATES OF ANNUAL DECLINE 
(IN ML/VR FOR 1.75~ MALE) AND STANDARD ERRORS USING DATA FROM 489 MEN. THE 

CROSS-SECTIONAL ESTIMATES USE ONLY THE MlDDLE VISIT 

Age Mean age 
Cross-sectional 
slope (SE) 

Longitudinal 
slope (SE) 

28-37 26 13 32 -I (15) -19 (5) 
3847 21 29 43 -4 (17) -36 (5) 
48-57 24 30 52 -48 (17) -33 (5) 
5847 19 21 62 -14 (19) -50 (4) 
68-77 I1 07 12 -71 (27) -44 (10) 

Pooled 101* 100 49.0 - 34.7 (I .7) - 34.4 (2.4) 

*Percents do not add to 100 due to rounding. 

TABLE 2. ANNUAL DECLINEOF FEV, (ML/YR)FOR 1.75~ 
MALE. EACH VALUE ISBASEDON 489 "EN AND VISITS ARE 
SEPARATED BY 3 YEARS. THE LONGITUDINAL VALUES ARE 
THE AVERAGE WITHIN-PERSON SLOPES "SlNG ALL OR THE 

LAST Two YISlTs 

Cross-sectional Longitudinal 

VI v2 v3 all 3 visits last 2 visits 

-32.1 -34.7 -36.6 -34.4 - 39.5 

independent cross-sections. This influence can produce a discrepancy between slopes 
estimated with and without the first visit. The three and two visit data produce somewhat 
different slopes (Table 2), but the difference is not statistically significant (see Appendix 
B.1). Earlier cross-sectional analyses of the data from never-smokers in this study [1] have 
shown a similar acceleration of annual decline with age. Figure 3 is a cross-sectional 
display of the observations from the middle examination for each subject. All observations 
have been adjusted to standing height of 1.75 m. Mean values for each 3 year age stratum 
are plotted and the fitted lines are computed from cross-sectional regressions using the 
489 middle-visit data values. The non-linearity of these cross-sectional data (reflecting 
the accelerating decline with age) can be seen by comparing the linear and quadratic fits. 
This non-linearity makes analyses using only a linear age term depend on the age 
distribution, and, since the age distribution is slightly skewed, these dependencies are not 
the same for the cross-sectional and longitudinal analyses. To illustrate, we stratified 
our data by lo-year age intervals (based on age at the middle examination). For each 
IO-year age stratum we calculated cross-sectional estimates of annual decline by linear 
regression on the data from the middle visit, and longitudinal estimates as the mean of 

4000 

p 3200 

2800 

va 58 

RGE-GROUP 

FIG. 3. Observed and predicted FEV, by 3-year age-group for white males, middle visit. Data have 
been adjusted to a 1.75 m male by multiplying observed FEV,/H2 values by (I.75 m)*. The lines 
are computed from the 489 middle-visit data values. The points are averages for 3-year age 

intervals. 
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FIG. 4. Estimated annual decline of FEV, (in ml) by IO-year age-group for white males. 

the individual annual changes (Table 1). Of course, the longitudinal vs cross-sectional 
discrepancy can appear within an age interval, but is less pronounced than that over the 
entire age range. 

The overall longitudinal and cross-sectional estimates of annual decline are both 
approximately 34 ml/yr (Table 1). The age-specific mean values both show a trend with 
age (Fig. 4). Within specific age strata, there were substantial differences between the 
cross-sectional and longitudinal estimates (Table l), although none of these differences was 
statistically significant. 

Though the overall longitudinal and cross-sectional declines are approximately equal, 
trends of these slopes with age (the quadratic term) are different. To summarize these 
results we regressed the estimated age-specific annual decline on the average age of the 
age-group, using weights proportional to the inverse variance of the annual decline. Both 
the cross sectionally and longitudinally estimated slopes of annual decline indicate 
accelerated loss with aging, though only the longitudinal estimate reached statistical 
significance (cross-sectional trend in slopes = - 1.41, SE = 0.74; longitudinal trend in 
slopes = -0.81, SE = 0.22). The longitudinal trend is close to the - 0.75 ml/yr trend in the 
cross-sectional values between visits indicated in Table 1. The accumulated difference 
between the longitudinal and cross-sectional trends as age increases is close to statistical 
significance (p = 0.06, see Appendix B.2). Notice from Fig. 4 that the longitudinally 
estimated slopes (dots) cluster about the line more than do the cross-sectionally estimated 
slopes (crosses). This clustering is primarily due to the additional precision of longi- 
tudinally estimated slopes (see the decade-specific standard errors in Table 1). 

In addition, we performed both longitudinal and cross-sectional quadratic regressions 
of FEV,/H’ on age (Table 3). The cross-sectional quadratic term is statistically significant 
at about the 0.05 level, whereas the longitudinal quadratic term is not statistically 
significant (though larger in absolute value). The Table 3 values differ from those based 
on using age specific slopes as the dependent variable. If we had used one-year age 
stratifications, and if the data followed a quadratic model, then doubling the quadratic 
term in Table 3 should produce the “slope of the annual declines” given above. The 

TABLE 3. WEIGHTED REGRESSION OF FEV,/H2 ON AGE ESTIMATED BOTH CROSS- 
SECTIONALLY AND LONGITUDINALLY. UNITS ARE ML FOR A 1.15~ MALE. THE CROSS- 

SECTIONAL SLOPES ARE FOR AGE CENTERED AT 49 YEARS 

Intercept 

Age 
Estimate SE 

Age’ 

Estimate SE 

Cross-sectional (middle visit) 3644.1 -34.1 1.7 -0.24 0.13 
Lonaitudinal 3599.0 - 34.4 2.4 - 1.72 1.14 
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observed differences are due to use of the IO-year age interval summaries and to departures 
from a quadratic model. Notice that the longitudinally estimated quadratic term in 
Table 3 is seven times the cross-sectionally estimated term. As with the linear term, 
longitudinal and cross-sectional fits are based on different weights, with the longitudinal 
giving larger weights to extreme ages. 

4. DISCUSSION 

For a restricted situation with observations taken symmetrically about a middle “visit” 
and a cross-sectional analysis using only the middle visit data, failure to consider the 
non-linear component of a regression equation can lead to cross-sectional and longitudinal 
estimates of aging that depend on the age distribution. This dependency can restrict 
generalizability of findings to populations with other age distributions. Louis and Spiro 
[l l] present a method of accounting for this dependency based on modeling the age effect 
and a discrepancy between models for initial and follow-up data. 

The effect of the age distribution on cross-sectional estimates of aging was reported by 
Becklake and Pet-mutt [12], using estimated rates of FEV, aging from three references 
[13-151. Becklake and Permutt [12] noted that the fastest estimated rate of decline was 
given by data collected on two age groups only [I 51, 25-34 yr, and 5564 yr. They note 
that this sampling would exaggerate the slope if the rate of change were not constant. 
They found the slowest rate of aging to be reported by the study with the youngest average 
age [13]. An intermediate slope was given by the study with a more even distribution 
over the whole initial age range of 25-75 yr [14]. Similar results are reported by Schoenberg 

[161. 
Our mathematical analysis helps explain these empirical observations. A study with a 

reasonably symmetric, bell-shaped age distribution and close to quadratic non-linearity 
will show little artifact. Since many age distributions are roughly symmetric with non- 
linearities adequately summarized by a quadratic term, it is not surprising that most 
population studies produce consistent longitudinal and cross-sectional aging effects [3]. 

This analysis artifact may help explain the result of [17] who report on the differences 
between estimated age trends on pulmonary function resulting from cross-sectional and 
longitudinal modelling. They analyze data from 52 men with no history of exposure to 
noxious inhalants who provided measurements for 5 consecutive years. For example, the 
estimated linear age effect on FEV, using a cross-sectional analysis of the first visit data 
predicts a loss of 42.6 ml/yr. A longitudinal analysis with each individual summarized by 
an age slope for his five data values and then these slopes averaged, produces a predicted 
loss of 12.5 ml/yr. If generalizable, this three-fold difference implies that cross-sectional 
studies should not be used to study aging effects on lung function. Glindmeyer et al. [ 171 
discuss possible explanations, including age, period and cohort effects. Even including the 
analysis artifact as a candidate explanation, we have difficulty reconciling their results with 
ours, and suggest that generalizations based on data from 52 subjects, including some 
smokers, should be made with great care. 

Attention to potential artifacts helps in choosing a study design. When designing studies 
of normative or responsive change in physiologic measurements such as lung function, an 
investigator must choose between a longitudinal sampling plan, where individuals are 
followed over time, and a (possibly repeated) cross-sectional plan, where random samples 
are taken from a target population but no effort is made to track individuals. These plans 
differ in cost, difficulty of implementation, and benefits (see [lS]), and may produce 
differing conclusions. Possibly, a comparison of repeated independent cross-sections could 
be used to adjust for discrepancies between longitudinal and cross-sectional approaches. 
Further development and validation of an adjustment based on such comparisons would 
provide an important tool for design and analysis. 

If a longitudinal data set produces different results when analyzed longitudinally or 
cross-sectionally, and potential modeling artifacts have been eliminated, the differences can 
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be attributed to cohort and period effects [18], or the biasing effects of selective dropouts 
[19,20]. In such situations a longitudinal design will produce more valid, generalizable 
conclusions, but choosing it should be based on a thorough consideration of benefits and 
not on those suggested by inappropriate analyses of previous data. 
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APPENDIX A 

THE CONTINUOUS CASE 

If age is continuous then w,_ and wc are probability densities. The age-specific slope is the derivative, y’(a), 
and adapting equation (2) and its proof we have: 

w&a) = u -’ 6 - p)w,_(s) ds, 

where 

PC= O” 
I 

m sw,(s)ds and a’= 
s 

(s - F)2WL(S) ds. 
-m -1u 

We let the limits of integration extend beyond 0 to give the result for a general regressor. This result holds in 
general and not just for the quadratic case. 
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Now, using the formula for wc, we have 
Theorem A. I. If wL is y (a, j), then wc is y (a + 1, p). 

Proof: w&r) a 
s 

Oz(s_afi)~Q~re”“&‘= sjS=e-“iBds-aj 
s s 

‘Ce-srfl 
D 0 

I s 

cc 

s 

m 
= -gs”e@ + a/I ra- le-s/” _ a@ ,r”- le-“” = a s”e-‘:” Q.E.D. 

r? ” 
Since the y distribution converges to a Gaussian as a -+ co, Theorem A. I motivates: 
Corollary. In the continuous case, for all b(u), if wL is Gaussian, then so is wc with the same mean and variance. 

Proof: Direct substitution. 
The continuous case also produces an easy proof of the following: 
Theorem A.2 If the true age effect is quadratic and the age distribution is symmetric, then b, = h,. 

Proof: If the age effect is quadratic, then b(u) is linear in a, say b(u) = a + pa. Now 

bL-bc=J[wL(u)-w,(u)]b(u)du= 

= 5 [w,(u) - w&)](a + fiu) da = 

= aJ [W&J) - MJ)I da + S! bd~) - w&)la da 

The first term is zero, since the cross-sectional and longitudinal weights integrate to I. The second term is 0 if 
i+(u) is symmetric. Q.E.D. 
Note: It is sufficient that wr(u) have a zero third central moment. 
Nofe: The mean of wc is (a + I)/?. 

APPENDIX B 

COMPARING SLOPES 

B. I. Comparing 2- and 3-visit longitudinal slopes 

To compare the last two- and the three-visit longitudinal slopes, we used a paired r-test, taking the difference 
in slopes for each individual as the measurement. This analysis produced an average difference of 5.15 ml (3-visit 
slope minus 2-visit), with a standard error of 3.42 ml, p = 0.07. The observed discrepancy between the two slopes 
is marginally statistically significant, and can be explained by non-linear trends (making the slope based on the 
last two visits more negative) and a learning effect (making the first visit readings a little low). We use the 
three-visit longitudinal slopes in the remaining analyses. 

B.2. Comparing cross-sectional and longitudinal slopes 

For an individual i, the three-visit longitudinal slope is b,, = ( Y,3 - Y,)/6 and the cross-sectional slopes we use 
for comparison are based only on the middle visit (Y,,). The standard t-test comparison 

f= 
be(a) -b,(a) 

[var(bc(u)) + var(bL(u))]“2 
(B.1) 

will be valid if ( YIJ - Y,,) and Y,, are uncorrelated, where 

cov[Y,*,(Y,r - Y,,)l = WY2, r;,l - COV[Y~Z. Y,,l. 

So the ~-test produces a valid analysis whenever the covariance between the second and third observations equals 
that between the second and the first. In our data, the correlation is 0.165, making equation (B. 1) conservative. 
For the comparison between the longitudinal slope for IO-year age groups and the cross-sectional, we find 
I = 1.55, p = 0.06, and the correction for correlation does not change the result. 


