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Quantifying bioirrigation in aquatic sediments: An inverse modeling approach
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Abstract

An inverse model was developed to quantify the depth distributions of bioirrigation intensities in sediments based
on measured solute concentration and reaction rate profiles. The model computes statistically optimal bioirrigation
coefficient profiles; that is, profiles that best represent measured data with the least number of adjustable parameters.
A parameter reduction routine weighs the goodness-of-fit of calculated concentration profiles against the number of
adjustable parameters by performing statistical F-tests, whereas Monte Carlo simulations reduce the effects of spatial
correlation and help avoid local minima encountered by the downhill simplex optimization algorithm. A quality
function allows identification of depth intervals where bioirrigation coefficients are not well constrained. The inverse
model was applied to four different depositional environments (Sapelo Island, Georgia; Buzzards Bay, Massachu-
setts; Washington Shelf; Svalbard, Norway) using total CO2 production, sulfate reduction, and 222Rn/226Ra disequi-
librium data. Calculated bioirrigation coefficients generally decreased rapidly as a function of depth, but distinct
subsurface maxima were observed for sites in Buzzards Bay and along the Washington Shelf. Irrigation fluxes of
O2 computed with the model-derived bioirrigation coefficients were in good agreement with those obtained by
difference between total benthic O2 fluxes measured with benthic chambers and diffusive fluxes calculated from O2

microprofiles.

Biogeochemical cycles in aquatic sediments depend on
coupled reaction and transport processes. The latter include
diffusion, advection, and biologically induced transport.
Benthic macrofaunal activity may enhance solute transport
through the passive or active flushing of infaunal burrow
networks with water originating from the sediment–water
interface (bioirrigation). In sediments with dense macrofau-
nal populations, bioirrigation may increase solute exchange
fluxes across the sediment–water interface to such an extent
that measured benthic fluxes are due primarily to bioirriga-
tion rather than diffusion (e.g., Hammond and Fuller 1979;
Archer and Devol 1992). In heavily bioturbated sediments,
enhanced biological transport may increase the return of nu-
trients to the overlying water. Such benthic nutrient release
promotes benthic–pelagic coupling and contributes to the
high primary productivity of nearshore marine environments
(Rowe et al. 1975).

Bioirrigation also has a significant effect on the spatial
distribution of early diagenetic processes in aquatic sedi-
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ments. Flushing of burrow networks removes metabolites
and reduced species from the bulk pore waters. At the same
time, the introduction of oxidants via burrows to depths at
which bulk conditions are highly reducing promotes reoxi-
dation reactions near burrow walls (Aller and Aller 1998).
Zonation in sediment redox conditions near burrow walls
may affect the microbial ecology at depth significantly by
increasing the variety of potential microbial niches (Aller et
1983; Mayer et al. 1995; Lowe et al. 2000). In addition, if
solute transport rates are rapid relative to reaction rates, as
is often the case in sediments with intense bioirrigation, it
may become difficult to infer dominant microbial organic
carbon degradation pathways directly from pore water con-
centration gradients (e.g., Berner 1985; Fossing et al. 2000;
Furukawa et al. 2000).

In this study, an inverse model is used to estimate the
magnitude and the depth dependence of bioirrigation in
aquatic sediments from measured concentration and reaction
rate profiles. Bioirrigation has been represented previously
in early diagenetic models as a nonlocal transport process,
in which the bioirrigation intensity with depth is quantified
by a mass transfer, or bioirrigation, coefficient (Boudreau
1984; Emerson et al. 1984). In contrast to previous studies
(e.g., Martin and Sayles 1987), the inverse approach pre-
sented here does not require an a priori, and hence subjec-
tive, assignment of the functional depth dependence of the
bioirrigation coefficient profile. The inverse approach is also
advantageous because measurement uncertainties can be ac-
counted for explicitly in the model calculations, thus limiting
the overinterpretation of measured data. Furthermore, con-



165Bioirrigation in sediments

straints may be applied to parameter values, allowing knowl-
edge regarding the system to be incorporated into the model.

The procedure presented in this study is similar to that of
Berg et al. (1998), who used an inverse approach to identify
reaction rate profiles in sediments with known transport
rates. In particular, our model shares a similar (but not iden-
tical) approach with respect to the reduction of adjustable
parameters, which leads to a statistically optimal description
of bioirrigation as a function of depth. However, the work
presented here differs significantly from that of Berg et al.
(1998) in a number of ways. First, Berg et al. (1998) used
the inverse approach to solve for reaction rate profiles,
whereas in this study the focus is on quantifying biologically
induced solute transport. Second, the procedure presented
here explicitly accounts for measurement uncertainties, and
it allows model results to be constrained using a priori in-
formation about bioirrigation intensities in a given environ-
ment. Third, our model includes Monte Carlo simulations,
in order to address shortcomings of the optimization and
parameter reduction algorithms. In particular, a quality func-
tion is developed that identifies depth regions where the pro-
cedure does not lead to meaningful results. Finally, with the
model presented, bioirrigation coefficient profiles can be de-
termined from simultaneous analysis of multiple chemical
constituents.

Model development

Early diagenetic equation and boundary conditions—Bi-
ologically induced solute exchange, or bioirrigation, can be
incorporated into the general early diagenetic equation of a
solute species by combining it with terms representing dif-
fusion, advection, and reaction.
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(1)

D is the diffusion coefficient of the solute species corrected
for tortuosity, temperature, salinity, and pressure (Ullman
and Aller 1982), v is the advection velocity relative to the
sediment–water interface (neglecting fC(]v/]z), where v is
the burial velocity), R is the net rate of production of the
solute at depth z, a is the bioirrigation coefficient (in units
of inverse time), f is the porosity, C is the solute concen-
tration in the bulk sediment, and Cflush is the flushing con-
centration of the solute, generally approximated as the con-
centration in the bottom water. Use of the relatively simple,
nonlocal formulation of bioirrigation given in Eq. 1 is jus-
tified by its structural similarity to a general exchange func-
tion approach (Boudreau 1987) and its mathematical equiv-
alence to a 3-D description of continuously flushed vertical
tube-shaped burrows (Aller 1980; Boudreau 1984).

Equation 1 is solved numerically at steady state using a
blended finite difference scheme (Fiadeiro and Veronis 1977;
Boudreau 1997). In advection-dominated systems, this
blended scheme becomes a backward difference formula,
whereas in diffusion-dominated systems, it becomes a cen-
tral difference scheme, thus balancing stability and accuracy
of the numerical scheme. Discretization transforms the bioir-

rigation coefficient profile a(z) into a step function a(i), and
therefore a values for each depth segment are required.

Several options for defining upper and lower boundary
conditions are included in the model. Fixed concentration or
constant flux boundaries may be assigned, or mass balance
considerations may be used to determine the solute concen-
tration at either the upper or lower boundary. In the mass
balance approach, the consumption or production of the sol-
ute species is integrated between the upper and lower bound-
ary and combined with the calculated fluxes of the species
into or out of the sediment via diffusion and bioirrigation.
The solute concentration in either the top or bottom depth
segment is then adjusted until mass balance is satisfied. In
all of the simulations described below, the option of fixed
concentrations is used for both the upper and lower bound-
ary conditions.

Inverse optimization routine—Using measured concentra-
tion and reaction rate profiles at steady state, it is possible
to solve the discretized form of Eq. 1 directly for the bioir-
rigation coefficient profile. However, this type of approach
often yields oscillating values of a(z), as described for re-
action rate profiles by Berg et al. (1998). In addition, the
direct method does not allow bioirrigation coefficients to be
constrained to physically meaningful values. For example,
negative values of the mass transfer coefficient a are not
physically reasonable, but often result from a simple forward
application of Eq. 1. In addition to eliminating physically
unreasonable solutions, the inverse approach also allows un-
certainties and constraints to be incorporated directly into
the model, and it does not require an arbitrary choice for the
depth dependence of the bioirrigation coefficients.

In the algorithm developed in this study (Fig. 1), an initial
guess of the bioirrigation coefficient depth profile is system-
atically altered using a modified downhill simplex method
(Press et al. 1989) to find a profile that reproduces measured
concentration profiles within specified limits of uncertainty.
The downhill simplex algorithm is an iterative procedure to
minimize an objective function that reflects the quality of a
calculated solution. The iterative optimization of the objec-
tive function is repeated until convergence between the cal-
culated and measured concentration profiles, within a given
uncertainty, is achieved at all depths or until a specified num-
ber of iterations (typically .1,000) are completed.

The objective function (OF) accounts for the fit to the
data, via the sum of the weighted least square differences
between the measured and calculated concentrations at each
depth in the profile, modified by penalty functions. The latter
increase the value of the objective function when values of
a(i) either violate the parameter constraints or result in cal-
culated concentrations that are less than a defined limiting
value (typically 0). Mathematically,

2 2n nC 2 C C(a ) 2 Cmeas,i calc,i lim calc,i calc,iOF 5 1 tO O1 2 1 2s si51 i51C,i C,i

2n C 2 Clim,i calc,i1 c , (2)O 1 2si51 C,i

where sC,i is the uncertainty of the measured concentration
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Fig. 1. Flowchart of the inverse modeling approach.

and n is the number of depth segments, chosen to reflect the
resolution of the measurements. The weighting parameters,
t and c, are set to 0 if no violations of the constraints on
parameters or concentrations occur; otherwise, they are as-
signed values $0. In the simulations shown here, t and c are
both set to 10 when violations occur, but other values can
be assigned by the user if necessary. Cmeas, Ccalc, and Clim are
the measured, calculated, and limit concentrations (e.g., Clim

5 0; forcing modeled concentrations to values $0), respec-
tively; C(alim) is the concentration calculated using the con-
straining value of a (e.g., alim 5 0) at the depths where a
violates the constraints.

Reduction of independent parameters and statistical qual-
ity of fit—The optimization procedure described above leads
to a solution that is consistent with both the measured data
and the applied constraints. However, adjacent depth seg-
ments may have very similar bioirrigation coefficient values,
so that the profile could be simplified (i.e., the number of
fitting parameters reduced) without a significant loss in the
quality of the fit between the measured and calculated con-
centration profiles. Therefore, a ‘‘boxsqueezing’’ algorithm
was developed to systematically reduce the number of fitting
parameters. In this algorithm, the depth discretization of the
profile is changed by combining the two adjacent depth seg-
ments with the most similar parameter values into a single
segment. After the two segments are ‘‘squeezed’’ together,
the optimization routine is repeated using the new discreti-
zation. This process is continued until a prespecified mini-
mum number of parameters is reached.

The statistically optimal depth discretization is determined
using two criteria. The primary criterion is that the calcu-

lated concentration at each depth in the initial discretization
must lie within the uncertainty of the measured data (i.e.,
convergence is required at each depth). If more than one
discretization of the parameter profile meets this criterion,
then the quality of the fit associated with each discretization
is weighted against the simplicity of the bioirrigation coef-
ficient profile by performing a series of F-tests at a 95%
confidence level (for details on the test statistics, see Klein-
baum et al. 1988; Berg et al. 1998). In this way, the box-
squeezing routine allows the objective determination of the
simplest parameter profile that describes the measured data.

Monte Carlo simulations—The most severe limitation of
the downhill simplex algorithm used to optimize the param-
eter profile is that it may yield solutions associated with a
local, rather than global, minimum of the objective function.
Therefore, in the presence of local minima, the optimized
parameter value depends on the initial guess of that value.
This limitation of the downhill simplex optimization method
is overcome by performing a series of Monte Carlo simu-
lations with initial guesses of the parameter profile chosen
at random from a specified range of values. In the model
presented here, the range of initial parameter values at each
depth may either be specified explicitly or may be con-
strained by calculating, at each depth, the maximum and
minimum parameter value (subject to specified constraints),
which yields a calculated concentration consistent with the
measured concentration and its associated uncertainty. Each
Monte Carlo simulation yields a single, statistically optimal
parameter profile based on the criteria described in the pre-
vious section.

Optimized profiles resulting from the individual Monte
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Carlo simulations are compared and ranked according to the
same criteria used to determine the best discretization of the
parameter profile. Ranks are first assigned to profiles based
on convergence. That is, profiles with greater numbers of
converged depths (using the original depth discretization) are
ranked above profiles with fewer converged depths. Within
a group of profiles with the same number of converged seg-
ments, each profile is rated as better or worse than each of
the other profiles. For two profiles with different numbers of
adjustable parameters, this rating is based on an F-test,
which determines whether the additional adjustable param-
eters significantly improve the fit of the calculated concen-
tration profiles to the measured ones. For two profiles with
the same number of adjustable parameters, the profile with
the lower objective function value receives the higher rank-
ing. The overall rank of a given profile is then based on the
number of times it ranked better than other profiles in the
pool. This procedure leads to the selection of the ‘‘best’’
individual bioirrigation coefficient profile.

In the parameter reduction scheme used in this study, the
combination of depth segments is nonreversible. Thus, if
depth segments are combined in a way that does not cor-
rectly reflect the underlying process, subsequent optimiza-
tion of the profile will be biased. However, inappropriate
combination of two depth segments as an artifact of the op-
timization routine will likely result in a profile ranked lower
than others produced by the Monte Carlo simulations. This
is because it will either result in a worse fit or it will prevent
the further reduction of the numbers of adjustable parameters
because the convergence criterion cannot be met.

The variability of the bioirrigation coefficient profiles pro-
duced by the Monte Carlo simulations serves as a qualitative
indicator of how well the a values can be constrained at any
given depth. Part of the variability, however, results from
spatial correlation, that is, coupling between adjacent spatial
nodes. Because diffusion tends to smooth concentration pro-
files, an overprediction of the ‘‘true’’ (unknown) irrigation
coefficient coupled to an underpredicted value in an adjacent
depth segment may yield a good fit to the measured data.
Decreasing the number of adjustable parameters generally
lessens spatial coupling by broadening the depth segments
with constant parameter values. However, if a changes sig-
nificantly over a small depth interval, the parameter reduc-
tion may instead induce spatial coupling. The effects of spa-
tial coupling are greatly reduced by averaging results from
multiple Monte Carlo simulations. Thus, the average irri-
gation coefficient profile calculated from the individual pa-
rameter profiles of the Monte Carlo simulations may lead to
a solution closer to the true value of a (see the Model per-
formance section). However, care must be taken to include
in the averaging only those solutions that belong to the glob-
al minimum. Based on test runs with model scenarios (see
below), it was found that between 100 and 500 Monte Carlo
simulations were sufficient to obtain reproducible results.

Quality function—To assess the quality of the model re-
sults, a quantitative quality measure (Q) was developed,
which reflects the sensitivity of the concentration profile to
changes in the parameter profile (i.e., the irrigation coeffi-
cient), as well as on the goodness of the fit between the

measured and calculated concentration profiles. It is defined,
at any given depth z, as

aavg
Q 5 S · , (3)) )DC

where DC, the difference between measured and calculated
concentrations at depth z, accounts for the goodness of fit.
The sensitivity (S) is evaluated by perturbing the optimized
a profile at depth z while leaving the rest of the profile
unchanged. The value of S is then equal to the difference in
concentration between the optimized and perturbed a profile
at depth z, divided by the difference in the optimized and
perturbed value of a at this depth. Multiplication by a scal-
ing factor aavg, the average value of the bioirrigation coef-
ficient over the entire core depth, results in a dimensionless
value of Q. This allows comparison of the quality of model
results for environments with different bioirrigation inten-
sities.

The limit value of Q, below which model results become
meaningless, was established empirically by applying the
model to a number of synthetic scenarios with known bioir-
rigation coefficient profiles (see the section Model perfor-
mance). In Fig. 2, deviations between calculated and im-
posed irrigation coefficients from a variety of model
scenarios are plotted against Qmin, the lowest value of Q(z)
over the whole depth profile. The absolute deviation of a at
the depth where Q equals Qmin and the relative error at this
depth both increase significantly below a value of Qmin ;
0.4. The largest absolute error in a was generally found at
the depth where Q equals Qmin. In what follows, the bioir-
rigation coefficient is deemed well constrained for depth in-
tervals where Q $ 0.4.

To increase computational efficiency, the quality function
is only evaluated for the statistically best Monte Carlo sim-
ulation profile and for a limited number of averaged profiles.
To select the profiles to be averaged, the statistically best
profiles from the individual Monte Carlo simulations are
ranked as described in the previous section. Averaged pro-
files are then calculated from these profiles, using those with
a rank better than 1, 2, 5, 10, 25, 50, and 100% of the total
number of Monte Carlo simulations. Of these averaged pro-
files, that which produced the highest value of Qmin is taken
as the best representation of a(z). The selected individual
profiles are used to calculate standard deviations about the
best estimate of a(z).

Nonunique nature of solutions—It is sometimes assumed
(erroneously) that models that provide a good fit to measured
data are ‘‘correct.’’ In fact, for natural systems, the available
quality or quantity of data often cannot provide unique so-
lutions to modeled problems. In other words, model solu-
tions may yield an excellent fit to measured data without
correctly representing the underlying process(es). For ex-
ample, it may not be possible to determine unique values of
a with Eq. 1, particularly when the flushing concentration
lies within the uncertainty of the measured pore water con-
centrations. In such a case, high values of a simply shift the
calculated concentration closer toward the value of the flush-
ing concentration. Thus, an irrigation coefficient profile
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Fig. 2. Magnitudes of (A) relative and (B) absolute deviations between calculated and ‘‘true’’
irrigation coefficients plotted against the minimum value of the quality function for the entire depth
profile. Data are from a variety of synthetic model simulations (see text). Open squares represent
the error at the depth at which Q reaches its minimum value; crosses depict the maximum error in
the entire profile. See text for detailed discussion.

might be found that reproduces measured concentrations, but
that does not accurately represent the in situ exchange in-
tensity.

To minimize such problems, a is extrapolated from ad-
jacent depth segments if (1) the flushing concentration lies
within the uncertainty of the measured value and the cal-
culated concentration is closer to the flushing concentration
than to the measured concentration (indicating a likely over-
estimate of a) or (2) the flushing concentration is very close
to the calculated concentration (difference smaller than 10%
of the uncertainty at that depth), and the corresponding ir-
rigation coefficient is very large (e.g., .1023 s21). In the top
and bottom depth segments, where fixed concentration
boundary conditions apply, a is undefined and is therefore
set equal to the value in the adjacent depth segment.

Multicomponent optimization—A more robust quantifica-
tion of solute exchange may be obtained by using indepen-
dent data sets for multiple chemical constituents. Such an
approach assumes that the same irrigation coefficient applies
to the different constituents. This is likely to hold true if the
solute species have similar physicochemical properties or if
the frequency of burrow flushing is slow enough to allow
equilibration of the chemical composition of pore waters and
burrow solution (Hammond et al. 1985). In the case of con-
tinuous flushing of burrows, however, a is related both to
the diffusion coefficient and the diffusive path length (Boud-
reau 1984). The latter is influenced by the reactivity of a
chemical (Marinelli and Boudreau 1996); hence, differences
in irrigation coefficients may be expected for different chem-
ical species.

In a multicomponent calculation, the objective function
(OF) should reflect all the constituents involved in the cal-
culation of a. Thus, it is defined as the sum of the contri-
butions from the different chemical constituents. In the mul-
ticomponent simulations shown below, the objective

function was modified slightly so that only depth segments
lacking convergence contributed to the value of OF. This
leads to stronger dependence on convergence than for the
standard definition of OF given by Eq. 2. Irrigation coeffi-
cient profiles are ranked according to the same criteria as in
the one-component case. However, the quality of fit is de-
termined separately for each concentration profile, and the
sum of ranks from this evaluation is used as the decision
variable for the overall quality of an irrigation coefficient
profile. Q(z) is assigned the average value of all profiles at
a given depth. Hence, high values of Q(z) indicate that the
irrigation coefficient is well defined by all of the chemical
species used in the calculation. Values of Q are likely to be
lower in the multicomponent approach, however, because the
resulting bioirrigation coefficient profile must provide a good
fit to all species involved in the optimization.

Model performance

Before the model was applied to data from natural sys-
tems, it was first tested using a series of simulations designed
to analyze the performance of the three primary model com-
ponents: the downhill simplex optimization, the reduction of
adjustable parameters (boxsqueezing), and the Monte Carlo
simulations. The finite difference scheme has been thor-
oughly tested previously (Meile 1999).

A set of synthetic rate and irrigation coefficient profiles
was used with specified fixed concentration boundary con-
ditions in order to calculate corresponding concentration pro-
files. From these rate and concentration profiles, with un-
certainties specified for each concentration, the irrigation
coefficient profiles were back-calculated with the inverse
model. In this way, model performance was assessed for a
variety of hypothetical environmental scenarios.
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Fig. 3. Model results using imposed depth profiles of rate and bioirrigation coefficient. (A) Single best and averaged irrigation coefficient
profiles and minimum and maximum values of a for all converged simulations in the ‘‘baseline scenario,’’ which is defined by an expo-
nentially decreasing solute consumption rate (R [mM s21] 5 1025 exp(215·z [cm]), a steeply decreasing bioirrigation coefficient profile, a
1% uncertainty in the concentrations, and fixed concentration boundary conditions. (B) Symbols and simulations are identical to (A) except
that the uncertainties on concentrations are assigned a value of 5%. (C) Same as (A), except that the reaction rate is set to 0 at all depth.
(D) Same as (A), except that the bioirrigation depth dependency is defined by a step function. (E)–(H) Concentration and quality function
profiles for the simulations described in panels (A)–(D), respectively. The vertical dashed line shows the limit value of Q 5 0.4, below
which model results are no longer well constrained.

Model scenarios—Model performance is illustrated in
Fig. 3. The baseline scenario is representative of a highly
productive coastal–estuarine environment, with the rate and
concentration profile corresponding to, for example, profiles
of the net rate of sulfate reduction and the sulfate concen-
tration.

The calculated profiles shown in Fig. 3A demonstrate that
both the single, statistically best profile and the average pro-
file reproduce the true bioirrigation coefficient profile very

well at most depths. The single best profile, however, fails
to reproduce some of the fine structure of the true bioirri-
gation coefficient profile. In particular, the high value of a
is underestimated at the 1-cm depth. Simplification of the
modeled profiles through boxsqueezing (from 19 initial to
five final depth segments) of the statistically best profile pre-
vents the steep decrease of the true bioirrigation coefficients
at the top of the profile from being simulated exactly (Fig.
3A). The lower values of the quality function near the top
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Table 1. Study sites, input data, and summary of model results. The irrigation transfer velocity (V ) is calculated by integrating the
bioirrigation coefficient over the whole core depth; z90 is the depth at which the depth-integrated bioirrigation coefficient reaches 90% of
the total transfer velocity. DIC is the concentration of dissolved inorganic carbon, RCO2 is the DIC production rate, and SRR is the sulfate
reduction rate.

Site
Water depth

(m) Data used
V

(cm yr21)
z90

(cm)

Malangen (Sv-1: 69829.49N 18807.59W) 329 DIC, pH, RCO2 4,2676982 14.5
Storefjorden (Sv-5: 77833.09N 19805.09W) 175 DIC, pH, RCO2 1,7426300 14.5
Sapelo Is. (Jun, 318229N 818149W) intertidal SO , SRR22

4 1,8416349 4
Sapelo Is. (Aug, 318229N 818149W) intertidal SO , SRR22

4 29,127628,479 4
Buzzards Bay (near Weepecket Is.) 15 Rn/Ra 138 18
Washington Shelf, core 2A (MSSD-1, Aug) 86 SO , SRR22

4

Rn/Ra
Rn/Ra and SO , SRR22

4

341
1,708688

9596446

28.5
23.5
23.5

Washington Shelf, core 3A (MSSD-2, Aug) 86 SO , SRR22
4

Rn/Ra
Rn/Ra and SO , SRR22

4

1,6076828
8986200
8096172

24.5
21.5
24.5

of the profile (Fig. 3E) reflect the lower sensitivity just below
the water–sediment interface, which is due to the small value
of the bioirrigation driving force (Cflush 2 C[z]).

Simulation results shown in Fig. 3B,F were calculated us-
ing the same reaction rate and bioirrigation profiles as in the
baseline scenario, but the uncertainty associated with the
measured concentration profile was increased from 1 to 5%.
Due to the larger uncertainties, the number of depth seg-
ments with distinct values of a is reduced to just three in
the statistically best irrigation coefficient profile. Although
the calculated bioirrigation coefficient profile matches the
imposed solution quite well, the range of possible a profiles
leading to converged concentration profiles is considerably
larger than for the case above. The maximum value increases
to as much as 1024 s21 near the sediment–water interface.
Thus, as expected, the quality of the model results is directly
influenced by the quality of the data.

Results shown in Fig. 3C were calculated using the base-
line scenario, but with an imposed solute consumption rate
equal to zero, as would be the case for an unreactive species.
The main difference to the previous scenarios is a lower
sensitivity of the concentration values to the calculated ir-
rigation coefficient profile, and hence lower values of Q.
Nonetheless, good fits to the true concentration and irrigation
coefficient profiles are still obtained (Fig. 3C,G). The lower
sensitivity, particularly in the upper centimeters of sediment,
reflects the fact that nonzero rates increase the difference
between the flushing concentration and the pore water con-
centration, which, in turn, facilitates identification of the true
bioirrigation coefficient profile.

For the simulation results shown in Fig. 3D,H, a bioirri-
gation profile with a step function depth dependence was
imposed. This corresponds qualitatively to the irrigation re-
gime resulting from the activity of certain polychaetes (e.g.,
Craig and Lopez 1996). The model results fit the imposed
profile extremely well, giving rise to values of Q that are
generally much higher than in simulations for which a steep-
ly decreasing bioirrigation coefficient profile was used. Thus,
the inverse approach appears to be capable of identifying
regions of markedly different irrigation intensities within the
sediment column.

To illustrate spatial correlation, a values were interpolated
linearly from the values at the center of the depth segments
to the depths of the interface of two adjacent boxes. The
oscillating values in the enveloping minimum and maximum
of a values (Fig. 3A–D) reflect spatial coupling in the un-
derlying individual profiles. These profiles, which are also
consistent with the data available and their uncertainties, are
ranked low in the statistical comparison because of the larger
number of fitting parameters.

Model application

The inverse model was used to quantify bioirrigation co-
efficient values with depth in a variety of marine environ-
ments using measured data for three different chemical con-
stituents (Table 1). Diffusion coefficients were either
calculated as a function of temperature, salinity, and pressure
and corrected for tortuosity (Ullman and Aller 1982), or they
were taken directly from the studies to which our model
results are compared. Pore water advection through the bulk
sediment was neglected, whereas rapid, preferential flow
through burrows was accounted for by the bioirrigation co-
efficient. The advective transport due to sedimentation was
also neglected, because at all study sites, sedimentation rates
are less than 10 mm yr21 (Howarth and Giblin 1983; Chris-
tensen et al. 1984; Tromp et al. 1995, Glud et al. 1998),
which is insignificant compared to diffusion and bioirriga-
tion rates. Measured porosity, concentration and rate profiles
were interpolated to the depths of the grid points using a
weighted distance relationship. Input data resolution was set
to 1 cm. For the Rn/Ra disequilibrium data, the reaction term
included a first-order term accounting for the decay of pore
water Rn, whereas the production of Rn through decay of
Ra was accounted for using a zero-order rate based on the
measured Rn secular equilibrium activity (lRnfRnporewater and
lRnfRnequilibrium, respectively, with lRn being the 222Rn decay
constant of 3.824 d21). Constraints were applied to exclude
negative values of the irrigation coefficients and calculated
concentrations.
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Fig. 4. Bioirrigation at Buzzards Bay. (A) The single, statistically best irrigation coefficient
profile and the averaged irrigation coefficient profile, together with maximum and minimum values
of the profiles with the least number of nonconverged boxes. (B) Quality function profile for the
single, statistically best solution and the averaged solution. The dashed line shows the limit value
of Q 5 0.4. (C) Measured, interpolated, and calculated Rn pore water activities, as well as measured
and interpolated secular equilibrium activity of Rn.

Subtidal estuary, Buzzards Bay, Massachusetts—222Rn/
226Ra disequilibrium has been used to study mixing processes
in sediments (e.g., Hammond et al. 1977; Key et al. 1979;
Gruebel and Martens 1984). Because of the large difference
in the half-lives of parent and daughter isotope, any devia-
tion of the measured Rn activity at a given depth in the
sediment from its value at secular equilibrium may be attri-
buted to transport processes. Martin and Banta (1992) used
Rn/Ra disequilibrium data to quantify bioirrigation at a sub-
tidal estuarine site at Buzzards Bay (Table 1). Bioirrigation
coefficients calculated using the inverse model developed in
this study could be directly compared to those of Martin and
Banta (1992).

To apply the inverse model, Rn activities, porosity, and
diffusivity data were taken directly from Martin and Banta
(1992, see fig. 2, table 2). As in the latter study, it was
assumed that the activity of Rn in the overlying water equals
0 and that the Rn profile represents steady state conditions.
However, unlike in Martin and Banta’s study, the lower
boundary condition was set to a fixed Rn value, instead of
applying an open system condition.

In agreement with Martin and Banta (1992), inverse mod-
el results indicate that solute transport in the top 5 cm of the
sediment is dominated by diffusion, whereas below 5 cm
depth both studies suggest that transport via bioirrigation is
substantial compared to transport via diffusion. In addition,
the depth-integrated value of a obtained with the inverse
model (Table 1), which can be interpreted as a transfer ve-
locity across the sediment–water interface and gives a mea-
sure for the overall intensity of bioirrigation at a given site,
differs by less than a factor of two from Martin and Banta

(1992). However, in the upper diffusion-dominated portion
of the sediment, values of Q are quite low (Fig. 4B), indi-
cating that bioirrigation coefficients in this portion of the
profile are not well constrained.

Although the depth-integrated irrigation coefficients found
in the two studies are similar, the depth dependence of the
irrigation coefficient obtained by the inverse method is quite
different from that presented by Martin and Banta (1992).
This is because Martin and Banta (1992) imposed an ex-
ponential shape of the irrigation coefficient profile in order
to fit the measured Rn profile. With the inverse model, no a
priori shape of the irrigation coefficient is assumed. Accord-
ing to the results of the inverse model, the irrigation coef-
ficient exhibits a distinct subsurface maximum between 10
and 14 cm of sediment depth, rather than a monotonic
change with depth (Fig. 4A). Such a subsurface maximum
in the bioirrigation coefficient profile could reflect the activ-
ity of deposit feeders such as Nephtys, which have been re-
ported by Martin and Banta (1992) at the study site. The
same authors also observed a subsurface maximum in an
excess bromide profile in one of the cores collected at the
site.

Washington continental shelf—Bioirrigation has been
quantified previously on the Washington Shelf using forward
calculations based on Rn/Ra disequilibrium data and sulfate
concentration plus reduction rate data (Smethie et al. 1981;
Christensen et al. 1984). Bioirrigation coefficient profiles
were calculated in this study by applying the inverse model
to two sites on the Washington Shelf (Table 1) based on
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Fig. 5. Bioirrigation on the Washington Shelf, core 2A. (A) Average bioirrigation coefficient profile and (B) quality function obtained
from simulations using Rn and sulfate data alone, as well as simultaneous optimization, respectively. (C) Calculated and measured sulfate
concentrations and pore water radon activities, respectively. Sulfate reduction rates and Rn equilibrium activities used in these simulations
(not shown) are from Christensen et al. (1984, fig. 2) and Smethie et al. (1981, table 1).

sulfate and Rn data alone, as well as from simultaneous op-
timization of both data sets.

Inverse model results obtained using either Rn or SO22
4

profiles alone or both species simultaneously indicate sig-
nificant bioirrigation to a depth of approximately 30 cm at
both sites and high irrigation coefficients in core 3A near
the sediment–water interface (Figs. 5A, 6A). The main dif-
ference in the bioirrigation profiles for the individual species
occurs near the sediment–water interface in core 2A, where
results obtained using the sulfate profiles alone give no in-
dication of the intense irrigation suggested by the Rn profile
(Fig. 5A). The results obtained for cores 2A and 3A using
Rn, sulfate, or both suggest a subsurface maximum in irri-
gation at depths of approximately 11 and 19 cm, respectively
(Figs. 5A, 6A).

From the difference in Rn and SO diffusion coefficients,22
4

it might be expected that the bioirrigation coefficient values
obtained from Rn data should be higher than those obtained
using SO data, possibly by as much as a factor of two.22

4

Such a difference in the magnitude of the irrigation coeffi-
cients is observed for the lower portion of core 2A, but not
for core 3A. The lack of a systematic difference in bioirri-
gation coefficients between the two species justifies the si-
multaneous optimization of Rn and SO profiles. In core22

4

3A, simultaneous optimization of sulfate and Rn profiles

shows high values of a near the sediment–water interface
and significant irrigation down to 30 cm deep, as found from
the sulfate and Rn profiles alone (Fig. 6A). The multicom-
ponent optimization in core 2A leads, not surprisingly, to
intermediate values of a near the water–sediment interface,
compared to the two single-species analyses, but the visually
poor fit to the sulfate concentration as well as the low values
of Q indicate the relatively low reliability of the model re-
sults in the upper few centimeters (Fig. 5B,C). It is difficult
to determine the coefficients precisely over a large portion
of the profile, as indicated by the large error bars associated
with the irrigation coefficient profile. Nonetheless, it appears
that the irrigation coefficients are relatively high near the top
and bottom of the cores at both sites. Overall, the results
obtained for both sites diverge significantly from the expo-
nential decrease of a, which is often assumed in early dia-
genetic models (Martin and Sayles 1987; Wang and Van
Cappellen 1996; Schlüter et al. 2000).

The inverse model results compare favorably to the find-
ings of Christensen et al. (1984), who also found significant
irrigation to a depth of 30 cm. However, Christensen et al.
(1984) suggested the presence of a subsurface maximum in
the bioirrigation coefficient at about 5 cm based on the
SO profiles. Such a subsurface maximum was not ob-22

4
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Fig. 6. Bioirrigation on the Washington Shelf, core 3A. Symbols and panels are the same as in Fig. 5. Sulfate reduction rates and Rn
equilibrium activities used in these simulations (not shown) are from Christensen et al. (1984, fig. 2) and Smethie et al. (1981, table 1).

served in any of the profiles calculated here using the inverse
model.

Independent evidence supports the validity of the bioirri-
gation profiles calculated by the inverse model, at least with
respect to depth dependence. The subsurface maximum in
the irrigation coefficients found in core 2A between 10 and
11 cm using the inverse method matches the depth of a
worm burrow reported in core 2A by Smethie et al. (1981).
This subsurface peak is apparent in profiles calculated with
the inverse model using the sulfate or Rn data alone or using
a combination of the two (Fig. 5), but it is not apparent in
any of the calculated profiles reported by Christensen et al.
(1984).

The deep, rapid solute transport implied by the high bioir-
rigation coefficients found near the bottom of the cores also
helps to explain the observed departure of measured pore
water Rn activities from secular equilibrium values. Smethie
et al. (1981) attributed this difference to analytical overes-
timation of the equilibrium Rn activity. However, model
simulations using corrected equilibrium activities proposed
by Smethie et al. (1981) fail to produce enhanced bioirri-
gation coefficients at the depth of the reported burrow. This
suggests that the difference in Rn activities may not be due
to analytical artifacts, but rather to solute transport induced
by deep, intense bioirrigation.

To further evaluate the bioirrigation coefficients predicted

by the inverse model, O2 irrigation fluxes across the sedi-
ment–water interface at the Washington Shelf sites were es-
timated, assuming that the bioirrigation coefficients derived
from the sulfate and Rn data apply to O2. If this assumption
is violated, the calculated O2 irrigation fluxes will tend to be
underestimated because the high reactivity of O2 would give
rise to steep concentration gradients, which would accelerate
diffusional transport of O2 across burrow walls (Marinelli
and Boudreau 1996). To calculate the O2 irrigation fluxes,
the sediment O2 concentration was assumed to be negligible,
and the O2 flushing concentration was set to 130 mM, as
cited by Christensen et al. (1984). This leads to calculated
irrigation fluxes of 2 6 1.0 and 1.6 6 0.4 mmol O2 m22 d21

at sites MSSD-1 and -2, respectively, which is similar to the
values of 1.2 and 2.5 mmol O2 m22 d21, respectively, cal-
culated by Christensen et al. (1984). Archer and Devol
(1992) determined O2 irrigation fluxes on the Washington
Shelf from the difference between total solute fluxes mea-
sured with benthic chambers and diffusive fluxes calculated
from high-resolution pore water O2 profiles. The O2 irriga-
tion fluxes reported by these authors near the study area
ranged from 1.4 to 6.3 mmol m22 d21, which is of the same
order of magnitude as the fluxes calculated using the inverse
model results.

Arctic environment, Svalbard, Norway—Bioirrigation co-
efficient profiles were calculated for two sites near Svalbard,



174 Meile et al.

Fig. 7. Bioirrigation in the Svalbard region, based on DIC, RCO2, and pH profiles. Symbols and panels in (A) and (C), and (B) and (D)
are the same as in Fig. 4A,B, respectively. DIC concentrations and DIC production rates used in these simulations (not shown) are from
Kostka et al. (1999, figs. 2, 6).

Norway; one at Malangen Fjord and the other at Storefjor-
den (Sv-1 and Sv-5, respectively, Table 1). The bioirrigation
profiles were optimized using profiles of dissolved inorganic
carbon (DIC) concentration, DIC production rate (RCO2) and
pH for the two sites described in Kostka et al. (1999). The
diffusion coefficient for DIC was calculated from the dif-
fusivities of the different carbonate species, weighted ac-
cording to their relative contribution to DIC based on the
measured pH values.

Calculated bioirrigation coefficient profiles at both sites
show very high depth-integrated values of a (Table 1) and
a distinct decrease of a with depth (Fig. 7A,C). The quality
function has high values over the entire profile (Fig. 7B,D),
and the calculated concentrations are within the uncertainties
of the interpolated measurements (not shown). This provides
a high level of confidence that the calculated bioirrigation
coefficient profiles are meaningful and implies a very active
benthic macroinfauna in these Arctic environments.

To assess the inverse model results, calculated O2 irriga-
tion fluxes were compared to the difference between mea-
sured benthic oxygen fluxes and diffusive fluxes calculated
from O2 microelectrode profiles measured at the Storefjorden
site (Glud et al. 1998). Irrigation fluxes were calculated us-
ing the measured bottom water O2 concentration of 328 mM
as the flushing concentration, and because the O2 penetration
depth is approximately 1 cm and the concentration decreases
approximately linearly with depth (Glud et al. 1998), the O2

concentration was assumed to be half the flushing concen-
tration in the top centimeter of sediment and 0 below. This
calculation results in an estimated irrigation flux of approx-
imately 10 mmol O2 m22 d21, which is 2.5 times greater than
the difference between the measured benthic and diffusive
fluxes of 3.9 6 1.5 mmol O2 m22 d21. The irrigation flux of

DIC calculated from the irrigation coefficient profile also
exceeds the difference between measured benthic and dif-
fusive fluxes (Glud et al. 1998) by about a factor of 2.5. At
present, the reason for the discrepancy between calculated
and measured irrigation fluxes is unclear.

Salt marsh environment, Sapelo Island, Georgia—Salt
marsh sediments are densely populated by macrofauna, in-
cluding fiddler crabs, mud crabs, polychaete worms, and
shrimp, all of which may build extensive burrow networks
(e.g., Teal 1958; Basan and Frey 1977). Therefore, bioirri-
gation is likely to be an important solute transport process
in salt marsh sediments. Nonetheless, few attempts have
been made to quantify bioirrigation in these environments.
Here, the inverse model was applied to data collected at an
unvegetated creek bank site at Sapelo Island, a barrier island
;8 km off the coast of Georgia (Table 1).

Sulfate concentrations were measured on pore waters col-
lected using diffusion equilibrators (Koretsky et al. in prep.),
and sulfate reduction rates were determined by adding trace
quantities of 35SO to sediments (Jørgensen 1978) and in-22

4

cubating them for 2 h (Kostka et al. pers. comm.). To derive
irrigation coefficients using the inverse model, net rates of
sulfate consumption are required. Thus, if in situ reoxidation
of reduced sulfur is significantly higher than during the 2-h
laboratory incubation, this would lead to an overestimation
of the calculated irrigation coefficients. This might occur, for
example, because O2 is entirely excluded in the laboratory
experiment, whereas in the field O2 may be introduced into
the sediment via bioirrigation.

Calculated irrigation profiles might also be biased because
sulfate concentration profiles measured using diffusion
equilibrators represent pore water concentrations averaged
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Fig. 8. Bioirrigation at Sapelo Island in June 1998 and August 1997, based on sulfate profiles and sulfate reduction rates (Koretsky et
al. in prep.).

over several days to weeks, whereas the sulfate reduction
rates represent instantaneous rates. This difference in time-
scales may influence model results significantly if the sulfate
pore water concentrations, sulfate flushing concentrations, or
sulfate reduction rates fluctuated greatly during the 3-week
deployment period of the diffusion equilibrators. Further-
more, the time resolution of the concentration and reduction
rate data do not allow potential nonsteady state effects on
the measured profiles to be addressed. Thus, the data were
assumed to represent seasonal quasi-steady states, in spite of
the fact that salt marshes are clearly dynamic ecosystems.

The bioirrigation coefficients calculated from the sulfate
concentration and reduction rate profiles are high in the up-
permost 5 cm of the sediment column, both for June and
August (Fig. 8A). However, low values of Q in August near
the sediment–water interface indicate that the bioirrigation
coefficients are not well constrained (Fig. 8B). This is be-
cause the sulfate flushing concentration lies within the un-
certainty interval of the measured sulfate concentrations near
the sediment–water interface (Fig. 8C). Thus, the irrigation
coefficient is likely to be overpredicted in the uppermost 4
cm.

As for the Svalbard and Washington Shelf sites, the O2

irrigation flux across the sediment–water interface was cal-
culated using the bioirrigation coefficient profiles. To cal-
culate the O2 flux due to irrigation, the bulk sediment was
assumed to have negligible O2 concentrations at all depths.
O2 flushing concentrations of 211 mM in June and 193 mM
in August were set by assuming saturation with respect to
atmospheric O2 (at 25 and 308C, Kostka et al. pers. comm.).
These assumptions, combined with the calculated bioirriga-
tion coefficient profiles, yield estimated bioirrigation O2 flux-

es of 8.1 6 1.1 and 117 6 115 mmol O2 m22 d21 in June
and August, respectively.

Oxygen uptake by a salt marsh sediment at Sapelo Island
was estimated by Teal and Kanwisher (1961) to be approx-
imately 17 mmol m22 d21, but their data do not allow the
relative contribution of diffusion to the total flux to be cal-
culated. The overall O2 benthic flux reported by Teal and
Kanwisher (1961) and the calculated O2 irrigation flux for
June from this study are at least qualitatively consistent, but
the measured O2 benthic flux suggests that the irrigation flux
calculated here for August is too high. The implication that
the August irrigation coefficients are overestimated is per-
haps not surprising, given the low values of Q and the large
error bars associated with the extremely high irrigation co-
efficients calculated near the sediment–water interface.

Results of this study support previous findings that sulfate
reduction rates cannot always be inferred directly from sul-
fate concentration gradients in heavily bioturbated sediments
(e.g., Berner 1985; Fossing et al. 2000; Furukawa et al.
2000). In addition, the high irrigation intensities found for
the Sapelo Island sediment imply that biologically induced
transport efficiently counters sulfate depletion and thereby
helps sustain high sulfate reduction rates. Thus, intense mac-
rofaunal activity, by supporting high fluxes of sulfate and
O2, helps explain low emissions of methane from highly pro-
ductive salt marshes (Howarth and Giblin 1983).

Conclusions

In many natural sediments, the quality and quantity of
available data are such that many different bioirrigation co-
efficient profiles can fit measured data within the limits of
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uncertainty. Therefore, it may not be possible to uniquely
determine the true irrigation coefficient profiles. Nonethe-
less, as shown here, it is possible to rank potential solutions
according to objective criteria and to judge the meaningful-
ness of results using algorithms such as the quality function
developed in this study. The proposed quality function re-
flects both the sensitivity of concentration profiles to changes
in the bioirrigation coefficient and the goodness of the fit
between calculated and measured concentration profiles.

The inverse model was used in this study to calculate
bioirrigation coefficient profiles in four different marine sed-
imentary environments. The model results indicate the ex-
istence of subsurface maxima in bioirrigation intensity at
sites in Buzzards Bay and on the Washington Shelf. Previous
studies failed to reveal these features at these sites. The mod-
el results highlight one of the primary advantages of using
the inverse approach; namely, that it does not require an a
priori, and therefore biased, definition of the depth depen-
dence of the irrigation coefficient.

Bioirrigation coefficient profiles obtained with the inverse
model were used to estimate irrigation O2 fluxes across the
sediment–water interface. These estimates were compared to
irrigation fluxes derived from the difference between mea-
sured benthic and calculated diffusive fluxes at sites with
available data. In most cases, the O2 fluxes estimated from
the calculated irrigation coefficient profiles were of the same
order of magnitude as measured fluxes. The worst agreement
was found between measured and calculated irrigation fluxes
for the August data from the Sapelo Island salt marsh site.
However, the calculated irrigation coefficient profile was
also characterized by very low values of the quality function.
Thus, the poor reliability of the calculated irrigation coeffi-
cients would have been established even without comparison
to an independent data set.

The inclusion of nonlocal solute transport in early diage-
netic reactive transport models (e.g., Boudreau 1996; Wang
and Van Cappellen 1996) creates the need for an objective
parameterization of bioirrigation coefficients. The model
presented provides a new tool for the unbiased interpretation
of data collected in a variety of aquatic sediments. The mod-
el is available, compiled for Macintosh PowerPCs by con-
tacting the first author (meile@geo.uu.nl). It can be used not
only to determine bioirrigation coefficient profiles, but also
to determine reaction rate profiles (i.e., zones of consump-
tion or production) for environments in which transport pro-
cesses are known.
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