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All microcosms experience contaminant mass loss, but almost no studies include mass loss in their
models. This oversight can greatly bias the best-fit kinetic constants of those models.
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Introduction
Before full-scale application of in situ bioremediation at sites ‘ 3 - .
contaminated by chlorinated solvents, the efficacy of the Vo T . S
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microbial reductive dechlorination (MRD) process is often first
evaluated in laboratory microcosm experiments, where
groundwater, soil, contaminants, and microbes are sealed in a
small glass bottle with an anoxic headspace. Every few days a
syringe is used to extract small water samples through the butyl
rubber septum that seals the mouth of the microcosm bottle,
and MRD models are then fit to the measured contaminant
concentrations. Contaminant mass loss from the bottle
inevitably occurs when the water samples are taken and it can
also occur when contaminants sorb into the septum®®®) but
most literature MRD models fail to account for this mass loss.
The primary purpose of this study is to explore potential bias in
best-fit kinetic parameters that can result when mass loss is
neglected from the model formulation.
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a typical microcosm experiment
Photograph by Sheng Dong at Auburn University.

Literature Review

indeterminate |

1
A total of 22 microcosm papers studying MRD of g ——- paper with no model
tetrachloroethylene (PCE) and/or its daughter :
products were reviewed. Plotted data from these Z «-—== paper that fit model with mass loss
papers were extracted with WebPlotDigitizer — ————————
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and used to (1) estimate experimental mass G| 4==== paper that fit model without mass loss : = :
losses if they were not quantified by the study = I =l I
authors and (2) evaluate whether a paper’s = : % :
model fitting method accounted for these mass =] mean = 21% = |
. . . std. deviation = 19% ] [

losses (i.e. determine if model values for total = = R : = :
contaminant moles in the bottle decreased over ESRESN ]
time). As can be seen in the histogram, — N [ — : — :
experimental mass losses were often substantial 2 BY pRE S : S :
but the model formulations that were used N — : — :
usually assumed that no mass loss occurred. DXE O EXE| X 2<__Bn X = | X |
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The earliest paper® in this literature review did DIPSMTISIEL -
use a model with mass loss. The authors' experimental mass loss (%] | s o
subsequent papert® however described a
spreadsheet-based model fitting technique that
was widely adopted but required assuming no
mass loss. This assumption was confirmed to be [ ] e Fraction of m.ass lost e Fraction of m.ass lost

lid hei I , but 1 due to sampling and due to sampling and
valid for their 2-liter microcosms but later sorption is relatively 160 mL  sorption is relatively
papers that used similar models with smaller small. - large.
160-mL microcosms did not reevaluate this 2000 ¢ Assumingno mass * Assuming no mass
assumption. mL loss is a valid loss is a problematic

simplification. simplification.

Fit an MRD model that accurately accounts for Monod Kinetics
mass loss to a microcosm experiment” from the . .

_ . maximum substrate dechlorinator
literature to determine "true" values for four utilization rate biomass concentration
Monod kinetics parameters:

- : - ~7 u"*CO'X
e cis-1,2-dichloroethene (cis-DCE) u-max . o
. . MRD rate =
e cis-DCE Ks i K, +C
e vinyl chloride (VC) u-max :
e VCK I half-saturation contaminant
S : constant concentration
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i Using the previously determined Using the previously determined
| "true" parameter values, generate "true" parameter values, generate
: synthetic concentration data for a synthetic concentration data for a
I : : : : : :
] hypothetical microcosm experiment hypothetical microcosm experiment
I . . . -
| with 10% experimental mass loss. with 40% experimental mass loss.
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| Fit a model that assumes Fit a model that assumes
! 10% mass loss (LML). 40% mass loss (HML).
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i Fit a model that assumes Fit a model that assumes
! no mass loss (NML). no mass loss (NML).
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: Compare model fits to see if models that account for mass loss yield best-fit parameter values that are closer to
I the "true"” parameter values used to generate the synthetic data than model fits that neglected mass loss.
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! Repeat process
| 5
: hundreds of times.
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(a) HML Model Fit to HML Data (b) NML Model Fit to HML Data (a) HML Model Fit to HML Data (b) NML Model Fit to HML Data
— 107 1 0.40 - 1
= o . T 0.35 - - -
U 0.8 1 £ 920% = Fitting a model that
g JHI' Y 20% s o301 8§ accounted for 15%
= E | experimental mass 1T a
. 4 . = 0.25 :
E 00 Fitting a model that did not E _|r N loss resulted in mean
= account for mass loss to £ 0207 best-fit parameter 1 0%
.E 0.4 1 synt@etic data with 40% X 0.15 - values that were within 1 -
> experimental mass loss £ 6% of "true" parameter
EI 0.2 - 1 resulted in best-fit parameter Q 0.10 1 values used to generate 1
E biases* of 20-120%. 0.05 - the Synthetic data. .
(c) LML Model Fit to LML Data (d) NML Model Fit to LML Data (c) LML Model Fit to LML Data (d) NML Model Fit to LML Data
_ 10~ . 0.40 - - Fitting a model that did
E T 035 4 | not account for mass
S 0.8 1 - % loss to synthetic data
E of © 0301 F 1 with 10% experimental
S 0.6 - L ] E 0.25 - l.. 1 g mass loss resulted in
E E .I- '\ mean best-fit
- 0.20 1 - .
x E parameter biases® of
E 0.4 1 E 0.15 - - 5-45%
th mean of Monte Carlo trials > mean of Monte Carlo trials
= true parameter values 0.05 1 i true parameter values
0.05 0.10 0.15 0.05 0.10 0.15 0.05 0.10 0.15 0.05 0.10 0.15
cis-DCE K; [mM] cis-DCE K [mM] VC K [mM] VC K: [mM]
HML = high (40%) mass loss LML = low (10%) mass loss NML = no mass loss * All bias percentages are normalized to the corresponding "true" parameter value.
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