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A method is presented for determining both the average turnover rate and the standard deviation of the
average turnover rate of the adenine nucleotide (AN) pool within a population of microorganisms. The method
requires the calculation of the initial slope and curvature of a plot of AN specific activity versus time following
the introduction of [*H]adenine. An analysis of noise-corrupted data indicated that the method is capable of
detecting a lack of uniformity in the turnover rate when the coefficient of variation of the turnover rate exceeds
39%. An analysis of field data revealed a significant lack of uniformity in the turnover rates of microbial
communities in a marine sediment sample and freshwater pond but no significant nonuniformity in the
turnover rates of microbial communities in a seawater sample and in a second freshwater pond. Although the
method has been applied only to the analysis of AN turnover rates, it is applicable to any intracellular pool for

which a suitable radioactive precursor exists.

In recent years, much attention in aquatic microbial ecol-
ogy has been focused on the measurement of growth rates (4,
6, 18, 24; D. M. Karl and C. D. Winn, Limnol. Oceanogr., in
press). The experimental methods that have been developed
rely upon both autecological and synecological approaches.
The autecological approaches include single-cell isolation
techniques and the direct measurement of nuclear division
(22, 26-28). These methods yield average values for the
growth rate (pn) of individual species of microorganisms
within a mixed-species assemblage (20, 21, 25). The syneco-
logical approaches include the measurement of the rate of
nucleic acid synthesis (5, 13), the frequency of dividing cells
(7), the estimation of chlorophyll a labeling (20), and the
simultaneous determination of total biomass and carbon
production. All of these community estimates of p., in fact,
yield some average value for all of the organisms in the
sampled population. Although heterogeneity in metabolic
activity and growth rate within microbial populations is
generally acknowledged or presumed to occur, there remain
few alternatives to qualitative techniques for assessing such
variability. It would be desirable to have quantitative data
which are directly relevant to currently used measurements
of growth rate. Adenine nucleotides (ATP, ADP, and AMP)
are present in all living cells and have well-established roles
in cellular energetics, biosynthesis, and metabolic regula-
tion. The adenine nucleotide (AN) pool turnover time is a
direct measure of the rate at which these compounds are
utilized by the cell for net nucleic acid synthesis. In theory,
there should be a direct proportionality between growth rate
and AN pool turnover rate (2), and the AN pool turnover
rate can be measured for field-collected samples (14, 15). We
have devised a novel method of data analysis which provides
a quantitative measure of the variability in AN pool turnover
rates, and in this paper we show that the same general
approach is also applicable to the analysis of variability in
turnover rates of other intracellular pools. The problem we
have addressed has an analog in chemical engineering, in
which the characteristics of the residence time distribution
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function of molecules in a reactor has been a subject of
experimental investigation by techniques similar to those
used here (23).

THEORY

The definitions of symbols used in the following deriva-
tions are given in Table 1. The distribution of AN pool
turnover rates is assumed to be described by a function f (R)
such that in the limit as dR approaches zero, the fraction of
the AN pool with turnover rates between R and R + dR is
f(R)dR. Since the turnover rate of the AN molecules must lie
somewhere between zero and infinity, it follows that

J f(R)dR = 1
0

If a radioactive precursor is introduced at + = 0 and if the
specific radioactivity of the precursor remains constant
during the incubation period, then the specific radioactivity
A(R,1) of the AN pools with turnover rates between R and R
+ dR will be given by the expression A(R,f) = A,(1 — e Ry,
where A, is the specific activity in the limit as ¢ approaches
infinity. The average specific activity, A,,(¢), of the AN pool
as a function of time is given by the expression

Aa(t) = f f(R)AR,)dR = A, f f(R)(1 — e ®YdR (1)

0 0

The first and second derivatives of A,,(f) with respect to time
are as follows:

©

dA,(D/dt = Ay = A, f f(R)(Re™ %) )
0

o

f(R)R%e R 3)

A, (/d? = Ay = —A, f
0

When ¢ = 0, it is obvious from equations 2 and 3 that
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TABLE 1. Definitions of symbols

Symbol Definition

AR vvvviiiiiiin, Specific radioactivity of AN at time 7 with
turnover rates between R and R + dR

AN ... Adenine nucleotides

. Asymptotic specific radioactivity of the
AN pool as t — =

. VRN ) RN Average specific radioactivity of the AN
pool at time ¢

. First derivative of A,, with respect to
time

[0 V) T N Value of A, atr =0

. Second derivative of A,, with respect to
time

(Aav)oe e eveveeennannnanns Value of A,-att = 0

CV i Coefficient of variation of R

dR.....ccoovvvivinnan.. Infinitesmally small increment in R

fR) . eeeveeineeinnannnns Normalized distribution function of R

K.ooooiiiiiiiiiii Exponential decay constant for
least-squares fit (Fig. 1)

M. Intercept of least-squares fit to data (Fig.
1) provides estimate of (R?),/(Ra.)?

R.ooveiiiiii Turnover rate with possible values
between 0 and «

Ro.ooovvinvniiniinnia... Invariant turnover rate

R Average value of R for all AN

(0.3 T Average value of R? for all AN

SD..oiiii Standard deviation of R

Y Finite increment in time

| /R Variance of R

o

dAav(t)/ dt = (Aav‘)o = Ap j f(R)RdR = Ap(Rav) (4)
0

oo

f(R)R*dR

A, (Dd? = (Aa)o = —A, f
0

= _Ap(Rz)av (5)

Thus, R,,, the average value of R, can be determined by
simply leldmg the slope of the functlon Ayt att=0by A,
while (R?),,, the average value of R?, can be determined by
dividing the curvature of A,,(?) (i.e., second derivative) at ¢
= 0 by —A,. Given R,, and (R?),y, the variance of R can be
calculated from the expression

V= I f(R)(R - Rav)zdR = (Rz)av - (Rav)2 (6)
0

Given this information, it is straightforward to calculate the
standard deviation, SD = VY2, and the coefficient of varia-
tion, CV = SD/R,,, of the distribution of turnover rates.
Note that CV = [(Rz),,,,/(Rm,)2 - 112

In practice, A,,(?) is measured at discrete points in tlme,
and to calculate R,, and (R?),, from equations 4 and § it is
necessary to obtain an accurate estimate of A, and to
estimate the first and second derivatives of A,, at the origin
by finite-difference approximations. It is theoretically possi-
ble to determine both upper and lower bounds to A,. The
upper bound is the value of the specific activity of the
exogenous precursor pool corrected for isotope discrimina-
tion. This value will be an overestimate of the true value of
A, to the extent that de novo synthesis pathways and
mtracellula.r pools effectively dilute the precursor specific
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activity (17). A lower bound may be obtained in either of two
ways. First, the value of A,,(¢) for any finite value of ¢ is
obviously less than A,, and the largest value of A,(?) is
therefore a lower bound to A, to within the precision with
which A,,(#) can be measured. Second, we have found that,
in practice, the value of A, estimated from a nonlinear
least-squares fit of the functlon Ap(1 — e7®) to a time series
of A,.(¢) values will systematically underestimate the true A,
unless all the AN are in fact turning over at the same rate.
This result follows from the fact that when there is a
distribution of R values, a fit of the function A,(1 — e &) to
the data invariably leads to an underestimation of A,,(#) for
small values of ¢, an overestimation of A,,() for intermediate
values of ¢, and an underestimation of A,,(¢) for large values
of . When there is little difference between the upper bound
to A, and the larger of the two lower bounds, one can
obv1ously estimate A, with a high degree of confidence. One
good check on the accuracy of the A, estimate comes from
the fact that when (Aa)o and (A,v-)o are approximated by
finite differences, the expression —A‘,(A,,v')ol(A;,,f)o2 must
approach unity in the limit as Az approaches infinity and
must be greater than or equal to unity for all finite values of
At (see below). Since the value of this expression is directly
proportional to the value assigned to A,, the behavior of the
expression as a function of Ar provides a good indication of
the accuracy of the A, estimate. The first and second
derivatives of A,,(f) at t+ = 0 are approximated by using
one-sided finite difference equations accurate to order Az,
where At is the time interval between data points (9). These
finite difference approximations are as follows:

dAav(t)/dt|t=0 = Aav(At)/At (7)
dPAD/dP] - = [Aa(2A1) — 24, (AD)/(AL)? ®8)

Equations 7 and 8 make use of the fact that A,, (0) = 0.
Although it is possible to use higher-order finite difference
approximations to estimate the derivatives of A,(?), these
higher-order approximations become increasingly sensitive
to analytical noise in the data. Even equations 7 and 8
become unacceptably sensitive to analytical noise as At
becomes small, and, in practice, a compromise must usually
be struck between choosing small values of Az to minimize
the truncation error in the finite difference approximations
and choosing large values of Af to minimize the error created
by analytical noise.

MATERIALS AND METHODS

Sample collection and incubation. Water samples were
collected from two freshwater ponds (Krauss Pond and
Quarry Pond) located on the University of Hawaii campus
and from a nearshore (ca. 1 km offshore) station located off
the leeward coast of Oahu. All samples were collected in
acid-washed polycarbonate bottles, prefiltered on-site
through a 90-um-pore-size Nitex mesh (Tetko, Inc.) and
returned to the laboratory, where the experiments were
performed within 1 h of sample collection. [*H]adenine (15
Ci mmol~!; New England Nuclear Corp.) was added to each
water sample to yield a final concentration of 0.1 pCi of
[*H]adenine ml~!. All incubations were performed at ap-
proximate in situ temperature (24°C) during daylight hours in
full sunlight. We also analyzed a sediment population col-
lected from Kahana Bay, Oahu. A sediment core was
collected by hand, and the sediment-water interface layer
was immediately removed by aspiration as previously de-
scribed (19). This sample was placed in an acid-washed
polycarbonate bottle and was transported to the laboratory,
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TABLE 2. Twelve hypothetical distribution functions for f(R), corresponding exact expressions for A, (#)/A, and (R?),/(Rav)?, and
approximate values (M) for (R?),,/(R.,)? determined from least-squares fits to data in Fig. 3¢

Example f(R) Aa(D/A, (R?)av/(Rav)? (exact) M
1 3R — Ry) 1— e R 1 1
2 (R/IR?)eR/R, 1 - 1/ + Ryt)? 1.50 1.43
3 0.5(R?/Ro*)eR/Ro 1- 101 + Ret)? 4/3 (ca. 1.33) 1.29
4 0.23(R — Ry) + 0.83(R — 2Ry) 1 — 0.2¢7Rot — (,8¢~ 2R 85/81 (ca. 1.05) 1.05
S 0.5[3(R — Ry) + 3(R — 2Ry)] 1 — 0.5(e™R" + ¢~2Ro) 10/9 (ca. 1.11) 1.12
6 0.83(R — Ry) + 0.23(R — 2Ry) 1 — 0.8¢7R* — (.2¢" 2R 10/9 (ca. 1.11) 1.11
7 0.23(R — Ry) + 0.83(R — 4Ry) 1 — 0.2¢7R® — (.8¢ 4R 325/289 (ca. 1.12) 1.13
8 0.5[3(R — Ry) + (R — 4Ry)] 1 — 0.5(e k> + e¢~4Ro) 34/25 (ca. 1.36) 1.38
9 0.83(R — Ry) + 0.28(R — 4Ry) 1 — 0.8 Ror — (,2¢4Ro 25/16 (ca. 1.56) 1.57
10 0.20(R — Ry) + 0.83(R — 8Ry) 1 — 0.2¢7R¥ — (.8¢ 3R 1,285/1,089 (ca. 1.18) 1.20
11 0.5[3(R — Ry) + (R — 8Ry)] 1 — 0.5(¢e R + ¢8R 130/81(ca. 1.60) 1.65
12 0.83(R — Ry) +0.23(R — 8Ry) 1 — 0.8¢ Ror — (.2¢8R0 85/36 (ca. 2.36) 2.38

oo
9 8(a — x) is defined by the equation ga) = [ 8(a — x)g(x)dx for any function g.
—
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FIG. 1. Effect of varying A(Ry#) on the value of (R?),,/(R,,)? calculated from equations 4, 5, 7, and 8 for the 12 hypothetical functions in
Table 1.
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TABLE 3. Analysis of effect of analytical noise on calculated
values of M for examples in Table 2¢

(RYav/(Rav)?

A Mean M * SD % of cases in

Example (exact) which M > 1.0
1 1.00 1.07 £ 1.22 55
2 1.50 1.52 £ 0.40 100
3 1.33 1.38 = 0.35 96
4 1.05 1.12 + 0.62 69
5 1.11 1.22 + 0.62 78
6 1.11 1.22 + 0.85 71
7 1.12 1.20 = 0.25 91
8 1.36 1.46 = 0.35 9
9 1.56 1.73 = 0.61 9

10 1.18 1.23 £ 0.19 97
11 1.60 1.67 £ 0.23 100
12 2.36 2.50 = 0.57 100

2 In each case, 500 noise-corrupted data sets were assumed to have been
measured in triplicate, with the standard deviation of a single measurement
being 5% of the true value at that point. For other details, see text.

where the time course incubation experiment was per-
formed. [*H]adenine was added to the sediment slurry to
yield a final concentration of 0.3 uCi ml~?, and the samples
were incubated at 24°C in room light on a slow-speed
gyratory shaker table (20 to 25 rpm).

ATP pool extraction and measurement of specific activity.
For each water sample, we performed a time course extrac-
tion of cellular ATP at predetermined intervals. For water
samples, cellular ATP was concentrated onto a Whatman
glass fiber filter (GF/F) and extracted in boiling phosphate
buffer (60 mM, pH 7.4). ATP and [*H]ATP were purified and
measured as previously described (17). The specific radio-
activity of the sediment samples was measured at each time
point by injection of a 0.5-ml portion of the sediment slurry
into 5 ml of boiling phosphate buffer followed by sample
concentration and purification as described by Craven and
Karl (3).

RESULTS

Theoretical results. (i) Truncation error. As a first test of
the proposed method, we examined the effect of truncation
error on the calculated values of (R?),./(R,,)? from artificial
data sets generated from hypothetical microbial communi-
ties with various assumed distributions of AN pool turnover
rates. The 12 hypothetical distribution functions which we
examined are listed in Table 2. Three of the distribution
functions were unimodal, and one of these (example 1)
corresponded to a community with a single turnover rate.
The remaining distribution functions were bimodal and were
distinguished by varying the relative biomasses of the com-
ponent populations and the difference in their turnover rates.
The exact values of (R?),./(R,,)? for each distribution func-
tion are listed in Table 2, and the calculated values of
(R»)av/(R,,)* as a function of the dimensionless parameter
A(Ryt) are shown for each case in Fig. 1.

Several features of the results in Fig. 1 are noteworthy.
First, it is apparent from Fig. 1A that the truncation error in
the calculation of (R?),v/(Ray)? from equations 7 and 8 is zero
for a population having a single turnover rate. This result is
perhaps surprising, because the truncation errors in the
calculation of (4,.)o and (4,,") are nonzero. However, it can
be shown mathematically that these errors exactly cancel
when the ratio (A,.)o/(Aav)o’ is calculated from equations 7
and 8 to estimate (A,y)o and (A,v)o and if Ag(r) = A,(1 —
e~ R This result is quite appealing, since one is assured that
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the finite-difference scheme proposed here for approximat-
ing (Aav)o and (A,)o Will lead to accurate and unbiased
estimates of (R?),,/(R,,)* regardless of the choice of At
whenever the turnover rate is the same for all organisms in
the population.

A second characteristic of the results in Fig. 1 is that all
the calculated values of (R?),./(R.,)? approach unity in the
limit as A(Ryt) approaches infinity. This result can be ex-
plained from an examination of equation 1. As At becomes
large, the value of [1 — exp(—R?)] becomes essentially
constant and equal to unity for all but the smallest values of
R. Therefore, the range of values of R which effectively
contribute to the time dependence of A,,(f) becomes pro-
gressively smaller as ¢ becomes large. Consequently, in the
limit of large ¢, the first and second derivatives of A,.(¢)
cannot be distinguished from the first and second derivatives
of a function describing a population with only a single
turnover rate. This conclusion will be true for any f(R).

A final point about Fig. 1 is that in all cases but example 1,
the truncation error is positively correlated with A(Rgf).
Furthermore, all plots of the calculated (R?),,/(R,,)? ratios
exhibit positive curvature. Since, in practice, a time series of
A,y(#) is anticipated, one method for estimating the true
(R?),,/(Ray)? would be the calculation of this ratio for various
values of At and extrapolation of the calculated values back
to At = 0. To test the feasibility of this approach, we
attempted to fit each of the data sets in Fig. 1 to a function of
the form 1 + (M — 1)exp[—KA(Ro)]. This function was
chosen because it satisfies the constraint of extrapolating to
unity as A(Ryf) becomes large and because it displays the
positive curvature characteristic of all the curves in Fig. 1. M
and K were chosen to minimize the sum of the squares of the
derivations of the empirical function from the actual data
points, and the value of the function at A(Ry?) = 0 (i.e., M)
was compared with the true value of (R?),./(R,)?. In per-
forming the least-squares analysis, a total of 9 or 10 equally
spaced datum points were chosen over the time interval
corresponding to A,.(1)/A, = 0.2 to 0.8. Smaller values of
A(Ryt) were not used because error analysis revealed that the
finite-difference approximation to (A4,,-)o (equation 8) be-
comes too sensitive to analytical noise when A,(t)/A, = 0.2
(see below). Comparisons of the exact values of (R?),/(Ray)?
with the values of M calculated from the least-squares fits
are shown in Table 2. The agreement between the exact and
approximate values of (R?),./(R,,)’ is excellent, the largest
discrepancy being less than 5% of the exact value. The use of
time series data and this curve-fitting procedure therefore
appears to be useful for dealing with the problem of trunca-
tion error. :

(ii) Analytical noise. To study the effect of analytical noise
on the calculated values of (R?),./(R.y)?, we generated noise-
corrupted data by using the assumption that the standard
deviation of an individual AN pool specific activity measure-
ment was 5% of the measured value (see Field Results). The
specific-activity measurements at each time point were as-
sumed to have been made in triplicate. Noise-corrupted
values of A,.,(#)/A, were generated by choosing random
numbers which followed a normal distribution with a mean
equal to the correct value of A,,(#)/A, (from the equations in
Table 2) and a standard deviation equal to 5% of this value.
For each of the 12 examples in Table 2, a total of 500
noise-corrupted data sets were analyzed. Each data set
contained 10 datum points chosen at equally spaced values
of Ryt, with the first value of Ryt being chosen to correspond
to A.(1)/A, = 0.2 to 0.3 for the first datum point in the
function without noise corruption. For smaller values of Ryt,
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(R%)av/(Rav)?

Aav(t)/Ap

1 I 1
O'OO 10 20 30

TIME (min)

FIG. 2. Plot of A,,(1)/A, (@) and calculated values of (R?),,/(R,)?
(O) for Quarry Pond data. The smooth curve is a fit of 1 — exp(—Rt?)
to A..(t)/A, data. Error bars are standard errors of the mean.

the value of (A,y)o calculated from equation 8 was found to
be unacceptably sensitive to analytical noise. A nonlinear
least-squares routine was used to fit the function 1 + (M —
1)exp(—K?) to each noise-corrupted data set, and the mean

(R?) av/ (Rav)?

Aav(t)/Ap

1 1 )
100 200 300
TIME (min)
FIG. 3. Plot similar to Fig. 2 for Krauss Pond data. The smooth

curve in the upper figure is a least squares fit of 1 + (M —
1)exp(— K1) to (R?),,/(R,y)? data.
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FIG. 4. Histogram of M values generated from noise-corrupted
data sets for Krauss Pond data.

and standard deviation of the calculated values of M were
determined. The number of times the calculated value of M
was less than unity was also recorded,

The results of this exercise (Table 3) are noteworthy in
two respects. First, the averages of the calculated values of
M are in all cases close to the true value of (R?),/(Ray)? and
in most cases differ by no more than 0.1 (maximum devia-
tion, 0.17). In all cases, the mean values of M are slight
overestimates of the true value of (R?),,/(R..)’. An analysis
of the distribution of calculated values of M revealed that,
although the errors in the measured values of A,,(f)/A, were
assumed to follow a normal distribution, the resulting errors
in M are not normally distributed. The distribution of calcu-
lated values of M is skewed somewhat to the right, and this
fact largely accounts for the tendency of the mean value to
overestimate (R?),./(R,,)?. Since the distribution of M values
does not follow a normal distribution, the standard deviation
of M, while a meaningful statistic in itself, cannot be used to
determine the statistical significance of M by standard meth-
ods.

Second, since (R%),y — (Ray)? = [(R — Ray)ay = 0, it is
obvious that (R?),,/(R.,)*> = 1, and in fact will equal unity
only in the limiting case in which all the AN in the population
is turning over at the same rate. In the analysis of field data,
an appropriate null hypothesis would therefore be that all the
AN is turning over at the same rate [i.e., (R%),/(Ra)? = 1],
and the test for rejection of this hypothesis would be
one-sided, since (R?),,/(R,v)? < 1 is impossible. A critical
question is therefore how often analytical noise causes the
calculated value of M to be less than unity. The analysis in
Table 3 indicates that the assumed level of analytical noise
causes the calculated value of M to be less than unity more
than 5% of the time when the true value of (R?),./(R,y)? < ca.
1.15. Thus, given the assumed level of analytical noise, one
would expect to be able to reject the null hypothesis that all
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FIG. 5. Plot similar to Fig. 2 for leeward Oahu data.

the ATP molecules are turning over at the same rate with a
confidence of at least 95% whenever the true value of
(R?)av/(Ra)? > 1.15, or in other words, when the CV = (1.15
— 1.00)2 = 0.39. Given this conclusion, we now turn to an
analysis of data collected from natural populations.

Field Results. Figures 2 and 3 show results obtained from
two freshwater ecosystems, Quarry Pond and Krauss Pond,
respectively. In both cases, a function of the form A,[1 —
exp(—R1) gave an excellent fit to the experimental A,,(?)
data, a fact which initially suggested that there was little
heterogeneity in the AN pool turnover rates within either
pond. For Quarry Pond (Fig. 2), the specific activities
measured at the first three time points were less than 20% of
the asymptotic value, and therefore only the last nine values
of A, (t)/A, were used in the estimation of (R, /(Rav)?.
These data included six pairs for which the sampling time
differed by a factor of 2, and the values of (R?),,/(Ra.y)>?
calculated from equations 4, 5, 7, and 8 at these six time
points are shown in Fig. 2. There is no significant correlation
between these calculated values of (R?),,/(Ra,)* and time (r =
0.62; P > 0.10), and the average of the six values (0.89 =
0.075) is not significantly different from unity (s-test, P >
0.20). Both these results are consistent with the assumption
that all AN pools in the population were turning over at the
same rate.

For Krauss Pond (Fig. 3), the specific activities measured
at the first time point and at 150 min were excluded from the
calculations of (R?),./(Rayv)?. In the former case, the standard
deviation of the triplicate measurements was too large (20%
of the mean value), and in the latter case the datum point lies
well above the smooth-curve fit to the data. The standard
deviations of the remaining 12 datum points averaged 6% of
the corresponding mean values, and the datum points con-
tain a total of five pairs for which the sampling time differed
by a factor of 2. The values of (R?),,/(Ray)? calculated from
these five pairs are shown in Fig. 3. These five values are
highly correlated with time (r = —0.98, P < 0.01), and a fit of
the function 1 + (M — 1)exp(—K?) to the data yielded M =
2.0. A total of 520 noise-corrupted data sets were generated
by using the standard deviation of each set of triplicate
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measurements to corrupt the data, and analysis of these data
sets yielded only six cases out of 520 (1.15%) in which M <1.
Thus, in this case, one can reject the null hypothesis that
(R?).,/(Ray)? = 1 with a high degree of confidence. A fre-
quency distribution of the calculated values of M for the 520
noise-corrupted data sets is shown in Fig. 4. The skewed
nature of the distribution function is clearly apparent from
these data. On the basis of this distribution function, the 95%
confidence interval for (R?),./(R,y)? was calculated to be 1.06
to 17, which corresponds to a confidence interval of 0.24 to
4 for the CV. The value of the CV calculated from the fit to
the uncorrupted data, 1.0, is therefore almost exactly the
geometric mean of these two confidence limits.

Figures 5 and 6 show results obtained from two marine
environments, a nearshore water sample from the leeward
side of the island of Oahu and a sediment sample from
Kahana Bay on the windward side of Oahu, respectively.
Both data sets are reasonably well described by a function of
the form A,[1 — exp(—R¢)], although for the sediment data
there is a tendency for the experimental data to exceed the
least-squares curve for small values of ¢ and to lie below the
fitted curve for large values of r. For the results in Fig. 5, all
values of A,,(#)/A, exceeded 0.2, and no datum points were
excluded from the analysis. The calculated values of
(R?),./(Ray)? showed no significant correlation with time (r =
—0.34), and the mean value of the seven values (1.00 + 0.12)
was not significantly different from unity (¢ test, P > 0.5). As
was the case for the Quarry Pond analysis (Fig. 2), both
results are consistent with the assumption that the AN pools
of all microorganisms in the population were turning over at
the same rate.

(R9)av/(Rav)?

Aav(t)/Ap
o o o
[-8 o oo
T T T

o
N
!
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0 20 40 60 80 100 120
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FIG. 6. Plot similar to Fig. 3 for Kahana Bay sediment data.
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FIG. 7. Histogram similar to Fig. 4 for Kahana Bay noise-corrupted data.

For the Kahana Bay sediment data, the specific activities
measured at times less than 15 min were less than 20% of the
asymptotic value and were therefore excluded from the
analysis. When values of (R?),,/(R,,)* were estimated by
using the remaining datum point pairs, the value calculated
from the specific activities at 40 and 80 min was found to be
unrealistically low (0.34) and was therefore excluded from
the analysis. The remaining six values of (R?),,/(R,,)* are
shown in Fig. 6. A least-squares fit of the function 1 + (M —
1exp(— K1) to these six datum points yielded M = 8.0. As for
the Krauss Pond analysis, a total of 520 noise-corrupted data
sets were generated by using the standard deviation of each
set of triplicate measurements to corrupt the data. In this
case, the standard deviations averaged 7% of the corre-
sponding mean values. This analysis did not produce a single
case in which M = 1, and one can therefore reject the null
hypothesis that (R?),/R.,)*> = 1 with a high degree of
confidence. Examination of the frequency distribution of the
calculated values of M (Fig. 7) indicated the 95% confidence
interval for (R?),./(R,v)? to be 3.2 to 26, which corresponds to
a confidence interval of 1.5 to 5.0 for the CV. The value of
the CV calculated from the fit to the uncorrupted data, 2.6,
is therefore again almost exactly the geometric mean of these
two confidence limits.

DISCUSSION

Microbial communities in nature are expected to exhibit a
certain degree of heterogeneity in their morphological, phys-
iological, and genetic characteristics (1). This diversity
among the individuals of a given microbial assemblage is
typically measured by assessing the species richness by
microscopic examination (10), isolation and taxonomic char-

acterization (8, 11), or rRNA sequencing methods (25). In
this paper, we present a method for assessing the diversity of
metabolic rates among individuals of a given population or
community. While the potential maximum growth rate of a
selected individual is expected to be under genetic control,
the in situ metabolic rate, or variability thereof, is expected
to be under environmental control and cannot be predicted
from species diversity indices alone. Consequently, there is
no a priori reason to expect species diversity and the degree
of in situ metabolic rate homogeneity to covary in natural
microbial communities. The method described herein is
based on the uptake of [*H]adenine. As discussed previously
(12, 16), this method is capable of measuring the growth
rates of metabolically active bacteria and unicellular algae.
Nongrowing individuals are not expected to exhibit net
assimilation of [*HJadenine under in situ conditions. It
should be emphasized however, that 32PO,*~ (or ¥*P0O,*")
could also be used to measure total microbial community
AN pool turnover (14, 15) and *CO, has been used to
determine phytoplankton carbon turnover rates (20). Conse-
quently, our approach is not restricted to the use of
[*H]adenine. In two of the four data sets presented herein
(Fig. 2 and 5), we found no evidence for heterogeneity
among the in situ metabolic rates of the sampled popula-
tions. While these data might be interpreted as a logical
result from a habitat which is dominated (in terms of biomass
and production) by a single species, we believe that the
ultimate cause of the uniform turnover rate measured for
these communities is the result of environmental factors
rather than low species diversity. Although we did not
evaluate independently the species composition or distribu-
tion of biomass among eucaryotic algae, cyanobacteria, and
heterotrophic bacteria in our samples, subsequent epifluo-
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rescence microscopy examination of samples collected from
both habitats confirmed the presence of both autotrophs and
heterotrophs. These results indicated that all growing micro-
organisms from the sampled population are metabolically
equivalent despite the genetic potential for physiological
heterogeneity. Similar ecological results have been obtained
by measurement of the AN pool turnover rates of size
fractionated samples from the Antarctic peninsula (Karl and
Winn, in press).

The data in Fig. 3 and 6 indicate that sufficient heteroge-
neity in AN turnover rate is present in these samples that we
must reject our null hypothesis that all species of microor-
ganisms have identical AN turnover rates. Although this
preliminary data base is too restrictive to draw any firm
ecological conclusions, it is interesting that both Krauss
Pond (Fig. 3) and the surface sediment (depth, 0 to 1 cm)
collected from Kahana Bay are characterized by a very high
level of habitat diversity. In Krauss Pond, the diversity is
maintained by nonliving particulate matter derived in part
from allochthonous sources, and in Kahana Bay, the sedi-
ments and microzones maintain the diversity of habitats.
Future studies should be designed to evaluate the relation-
ships among habitat variability, metabolic rate heterogene-
ity, total productivity, and taxonomic diversity.

While we have elected to use AN as the metric in our
experimental protocol, the approach described herein is also
directly applicable to the analysis of variability in the turn-
over rates of most intracellular metabolite pools. One impor-
tant criterion which must be considered is the magnitude of
the metabolite pool turnover time relative to the average
growth rate of the microbial population under investigation.
Some caution must be exercised when the pool turnover rate
is comparable to the growth rate of the organisms in ques-
tion. For the intracellular AN pool, the turnover rate is 30 to
50 times the growth rate (2), and it is therefore reasonable to
assume that the population structure does not change signif-
icantly during the time required to generate a specific activ-
ity curve (ca. 10% of the doubling time). However, longer
incubation times would be required for the isotopic equili-
bration of intracellular metabolite pools with slower turn-
over rates, and in such cases the distribution function f(R)
may conceivably change. However, temporal variability in
the distribution function can be taken into account by
expressing f as a function both of R and ¢, i.e., f = f (R,?). In
that case, equation 2 becomes

A = A, f [f(R,t) Re™® + f'(R,n(1 — e R*)IdR ()]
0

and equation 3 becomes
Ay = A, f [—f(R,DR?e ™R + F'(R,)) (1 — R
0

+ 2f"(R,H)Re ®ldR (10)
At t = 0, equations 9 and 10 become

(Aav)o = Ap J f(R,0)RdR = (A,)(Rav)o 03]
0

(Aavdo = Ap f [—f(R,0)R? + 2f"(R,0)RIdR

0

—Ap(Rz)av + 2Ap(Rav)O’ (12)
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Equation 11 is identical to equation 4, but equation 12 differs
from equation 5 owing to the presence of the additional term
2A,(Ray)y, Where (R,y)o is the rate of change with respect to
time of R,, at ¢t = 0. It is straightforward to correct for the
presence of this additional term, since (R,,)p' can easily be
estimated by performing two separate incubations offset in
time by a time interval T. The initial slopes of plots of
specific activity versus time for these two incubations will
yield values of R,, at time zero and at time T, and (R,y)o may
then be estimated from the equation (R,v)o = [(Rav)T —
(Rav)o)/T. Thus, temporal variability in R,, should be consid-
ered when analyzing variability in turnover rates which are
comparable to growth rates, but from a theoretical and
experimental standpoint, the appropriate correction is
straightforward.

An additional concern is the possibility that A, varies
among different members of the microbial community. Dif-
ferences in A, would reflect differences in the relative
importance of salvage pathways and de novo synthesis in the
production of AN. If such differences in the relative impor-
tance of salvage pathways and de novo synthesis are func-
tions of the turnover rate R, then the derivations given here
must be modified. In particular, A, must be included in the
integrand of equation 1, and the expressions for (A4, and
(Aav)o become

(Aav)o = (ApR)av 13)
(Aav)o = —(ARY)ay 14)

When there is only one value of R, this distinction is (of
course) of no consequence. However, what are the implica-
tions when there is a distribution of R values? In that case,
we note that the covariance (COV) of A, with R" is given by
the equation

o

Cov = j f(R)[Ap(R) - (Ap)av][la'l - (Rn)av]dR =
0

(ApRn)av - (Ap)av(Rn)av

Hence the right-hand sides of equations 13 and 14 can be
well approximated by (A,R)ay = (Ap)av(R)av and —(A,R?),, =
—(Ap)av(Rz)av, respectively, as long as the covariance of A,
with R and R? is small. We believe that this assumption is a
good one, because we know of no reason why the relative
importance of salvage pathways and de novo synthesis
should covary with R or R2. Hence even in the case in which
A, is not independent of R, the equations we have given
should be useful for estimating (R?),./(Rav)? and for deciding
whether this ratio deviates significantly from unity.

A final comment concerns the usefulness of the results
obtained from the procedures outlined here. Although the
mean and variance of a particular parameter are well-defined
statistics, they must be used with caution in performing
statistical tests when the underlying distribution factor is
unknown. While our methods provide estimates of the mean
and variance of AN turnover rates, these statistics by
themselves give no indication of whether f(R) is well approx-
imated by a normal distribution function or deviates signifi-
cantly from normality. In fact, we have no way of telling
whether f(R) is unimodal or polymodal, symmetric or asym-
metric. Given these limitations, it seems inadvisable to use
the mean and variance of R in any statistical tests (e.g., the
t test) which assume a well-defined form of f(R).

Our attitude is that the principal utility in knowing the
mean and variance of R will be in the interpretation of data
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concerning community growth and production rates ob-
tained by other methods. For example, nucleic acid synthe-
sis rates estimated from the uptake of tritiated adenine are
calculated on the assumption that the specific activities of
the intracellular AN pools are the same for all microorga-
nisms within the population (13), and estimates of phyto-
plankton growth rates based on the incorporation of *C into
chlorophyll a are similarly based on the assumption that
specific activities of the chlorophyll a in all phytoplankton
cells are the same (20). Violation of such assumptions as a
result of nonuniformity in metabolic rates could lead to
biased estimates of production and growth rates. The

thod we have outlined here should therefore prove useful
‘it interpreting the results of such microbial production and
growth rate measurements.
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