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Kinetic information extracted from biochemical methane potential (BMP) tests is often reported but its value is
unclear. Inter-laboratory reproducibility provides a useful indication of its value. Here we extracted estimates of
the first-order rate constant k from 1259 methane production curves collected in a large inter-laboratory study
on BMP in order to quantify reproducibility. Reproducibility in k& was poor; relative standard deviation was 50—
140%. Substrate comparisons (k for one substrate compared to another) also had low reproducibility, regardless

of low p values from inferential statistical tests. The use of a shared inoculum did not improve reproducibility
in k. We conclude that k estimates from BMP tests only partially reflect intrinsic substrate properties. Therefore,
interpretation and application of batch kinetic results should be done cautiously.

1. Introduction

Batch biochemical methane potential (BMP) tests generate informa-
tion on the rate of methane production in addition to the potential quan-
tity that is available. This information is typically extracted by applica-
tion of a mathematical model, and reported as a rate constant, e.g., k
(d=") for a first-order model, and an “ultimate” potential, often called B,
(mL g~!). Despite some discussion on limitations of these values (Brulé
et al., 2014; Da Silva et al., 2022; Donoso-Bravo et al., 2019; Guo et al.,
2021; Koch et al., 2020), they are commonly reported in the literature,
and occasionally applied. There are at least two common applications:
1) to full-scale reactors or other systems for process design, efficiency
evaluation, monitoring, or control (Garcia-Gen et al., 2015; Insel et al.,
2022), and 2) to compare or rank substrates or evaluate pre-treatments
(El Gnaoui et al., 2022; Li et al., 2017).

The focus of the present work is the value of the rate constant. Al-
though both & and B, influence any prediction of CH, production rate,
k is more difficult to precisely determine. In contrast, even the mea-
sured BMP (e.g., BMP;y, 34) provides a reasonable estimate of ultimate
BMP without any model application (see Section 3.3). Although repro-
ducibility in BMP is a problem, the magnitude of variability is much
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smaller than in k, and procedures have been developed for improving
reproducibility (Hafner et al., 2020).

Few studies have compared batch and full-scale (or even lab-
scale batch and lab-scale continuous) kinetic estimates. Comparisons
have shown similar estimates of first-order rates (Chynoweth et al.,
1993), slightly lower rates (Jensen et al., 2009) or much lower rates
(Batstone et al., 2009). In general, these limited results suggest that re-
liability of batch kinetic measurements to describe full-scale processes
is low.

The second application listed above may be assumed to be more
reliable, but reproducibility in these types of comparisons has not
been previously evaluated in a large inter-laboratory study. An in-
crease in conversion rate is a typical objective of pre-treatment
(Carrere et al., 2016), but exactly how reproducible rate effects are is not
clear.

Accurate assessment of kinetic constants is important; assuming sub-
strate conversion follows first-order kinetics, a 10-fold change in k re-
quires a proportional change in retention time to maintain conversion
efficiency in a continuous reactor. In general, time to a fixed conver-
sion efficiency or conversion at a fixed retention time is sensitive to rate
constant magnitude.
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Some degree of reproducibility is required if batch rate constant es-
timates are to have any value. Reproducible differences between sub-
strates implies that batch results reflect intrinsic substrate characteris-
tics, but not that estimated rate constants are necessarily the same in
full-scale systems. Conversely, very poor reproducibility in batch kinet-
ics precludes any possibility of batch results consistently reflecting full-
scale behavior or even intrinsic differences between substrates. There-
fore, an evaluation of reproducibility in k determined in batch tests can
serve to assess the quality of these commonly reported values.

The goal of this work was to assess the quality of kinetic informa-
tion from BMP tests, by quantifying reproducibility in rate constant es-
timates. To do this, the first-order rate constant k was extracted from
more than 1200 specific methane production (SMP) curves of four sub-
strates collected in a large inter-laboratory study. These estimates were
then used to quantify inter-laboratory reproducibility and assess some
prospective approaches for improving it.

2. Methods
2.1. Experimental data

1259 SMP curves (cumulative CH, yield and average interval
production rate) were taken from a large inter-laboratory study
(Hafner et al., 2020). Data are available at https://github.com/
sashahafner/BMP-kinetics-paper-2022 and data collection is described
in (Hafner et al., 2020). Measurements were made in laboratories in 14
different countries, almost exclusively from Europe (see the acknowl-
edgments section in Hafner et al., 2020). Three sets of BMP tests were
carried out: two in a first period referred to as “study S1” and one in
“study S2”. SMP values were calculated from raw data as net CH, pro-
duction from substrate per g added substrate volatile solids (VS). Sub-
strates were dried and finely ground, and varied in composition and
degradability (rate and extent). Three substrates were mixed animal feed
components (SA, SB, and SC), one was wheat straw (SD), and microcrys-
talline cellulose (CEL) was included as a positive control with known
chemical composition. Laboratories followed a general protocol based
on Holliger et al. (2016), with inoculum-to-substrate ratio of 2:1 (or
higher in some cases) and mesophilic incubation (35-40 °C), but did
not use identical methods for measuring biogas production and com-
position. The most common measurement methods were the AMPTS II
system (BPC Instruments AB, Sweden) along with manual volumetric
and manometric methods. A subset of laboratories in France, Germany,
and Italy carried out tests with two inocula: from their typical source
and a single shared source within each country. For more details see
Hafner et al. (2020).

2.2. First-order model

Extraction of kinetic information generally requires fitting a model.
Here, a first-order rate constant and ultimate BMP were extracted from
each SMP curve using a simple approach: a first-order model applied
after exclusion of any lag phase. Several factors were considered in se-
lecting the approach used for model fitting. Inspection of the measured
CH, production rates showed that rates generally declined over time,
consistent with a first-order model. But an early period of low and slowly
increasing production rate was common, although highly variable in du-
ration and CH, production rate. We assumed a priori that quantitative
characteristics of this “lag phase” contains minimal useful information
about intrinsic substrate degradation rate (Koch et al., 2019), as it is
likely a product of the starving inoculum being exposed to a high sub-
strate availability at the beginning of the batch test. Instead of trying to
capture this complex behavior that may be unique for each individual
bottle, we excluded it and focused on the period during which CH, pro-
duction appears to be limited by substrate quantity. Note that our use
of the term “lag phase” in this work (and other biogas applications) is
different from the definition used in microbiology, where it refers to a
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Fig. 1. A graphical representation of the approach used for kinetic parameter
extraction (Section 2.2) based on a single SMP curve. Open circles show mea-
surements within the “lag phase”.

period of no net increase in cell numbers (Yates and Smotzer, 2007). By
design, BMP tests have a large quantity of active microorganisms rela-
tive to the available substrate, to ensure that degradation is relatively
rapid and complete. A first-order response is common in BMP tests, and
it has been proposed that significant deviation from this response may
indicate a problem in the test (Koch et al., 2019).

In the approach used here, SMP or cumulative CH, yield is given by:

¥(0) = By,(1 = e ") 4+ B, )

where y(f) = specific methane production (SMP) (mL g~!, net standard-
ized CH, volume per g substrate VS), B, = ultimate SMP in the first-
order period after any lag phase (mL g~!), k = first-order kinetic constant
(d™1), t = elapsed time of BMP test (d), , p= duration of lag phase (d),
and B, = CH, production during lag phase (i.e. SMP at ;) (mL g h.
SMP at infinite time or “ultimate” BMP B, = B/, + B;,. With Eq. (1),
the lag phase can be ignored (not excluded) by setting #,, and B, to
zero.

In practice, time 7 is discrete; measurements are made at particular
times at the end of each incubation interval. What is typically measured
is actually the average rate of change in cumulative SMP:
_ Ay Vi = Wy,

Fp=—=————
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This rate can be calculated from measured or model-calculated
(Eq. (1)) SMP (y) using Eq (2). Or, substitution of Eq. (1) into
Eq. (2) gives a direct alternative for model calculations:
) Bfaekt,,,(e—kti_l _ e—kt,)

i

@)
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where 7; = average methane production rate (mL d~! g~!, net standard-
ized CH, volume per g substrate VS over the period 7;,_; to ;). With long
incubation intervals (difference of several days between ¢; and ¢,_,) this
average rate may be substantially different from the instantaneous rate,
which is given by the derivative of Eq. (1), because the model is nonlin-
ear with respect to time (rate vs. time).

The parameters 7,, and B, are determined directly from measure-
ments prior to model application (Fig. 1). In this study, the lag phase is
defined as the period when ¢ < time of maximum average rate, i.e., t,, =
the end of the interval prior to the interval with the maximum measured
rate (7).

This definition derives from the behavior of a first-order model (rate
must always decrease over time), but also reflects the period in which
CH, production may be limited by the microbial community and not
substrate quantity, and therefore not reflect any intrinsic rate of sub-
strate degradation.

2.3. Data analysis

2.3.1. Parameter estimation
Least-squares estimates of the two model parameters k and By, were
determined for each separate SMP curve through nonlinear regression,
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using the £itFOM() function in the biogas package (Hafner et al.,
2018) (v1.40, https://github.com/sashahafner/biogas/releases/tag/v1.
40), which uses the Levenberg-Marquardt optimization algorithm im-
plemented in the R package minpack.lm (Elzhov et al., 2016). The re-
sponse variable was 7, calculated separately for each measurement in-
terval for each individual bottle, and the objective function was the sum
of squares. Parameter values were log-transformed during estimation to
avoid negative values.

For curves that showed graphical evidence of two phases in CH, pro-
duction, Eq. (2) was extended to include two kinetic fractions of slowly
and rapidly degradable substrate components, i.e., a two-pool model,
to demonstrate limitations of the alternative. This approach was similar
to “Model C” described in Brulé et al. (2014). Variations in parameter
extraction (combinations that included fitting to cumulative SMP, omit-
ting exclusion of lag phase observations, and forcing the model through
the last SMP value, for a total of six approaches) were explored as well.

2.3.2. Analysis of rate constants

The primary response variable was first-order rate constant k, which
was log,,-transformed to deal with high variability, approximately log-
normal distributions, and correlation between variability and magni-
tude. This transformation makes all reported comparisons in k magni-
tude relative. Median parameter values were calculated for each set of
3 (occasionally 2) bottles for a single study (S1 and S2) x test (T1 and
T2) x laboratory x substrate combination, and these values were used
as observations in the following analysis. Precision among replicates, a
measure of repeatability, was quantified as standard deviation among
these values.

Inter-laboratory reproducibility in extracted k was quantified us-
ing standard deviation among laboratories, applied separately for each
study X test x substrate combination (as Hafner et al. (2020) did for
BMP). To group estimated rate constants k extreme “ultimate” BMP val-
ues B, were identified as those below 50% or above 120% of theoretical
maximum BMP. Theoretical maximum BMP was calculated from ele-
mental composition assuming complete conversion and no biomass pro-
duction using Eq. 13.6 in (Rittmann and McCarty, 2001) as implemented
in the predBg () function in the biogas package in R (Hafner et al.,
2018). No estimates of uncertainty in individual parameter values for
individual bottles were made because interpretation is ambiguous for
nonlinear regression in general (Motulsky and Ransnas, 1987), and ques-
tions about both independence of observations and the accuracy of the
model structure render them even less useful. Furthermore, such esti-
mates do not clearly add value beyond the assessment of repeatability
and reproducibility carried out.

The ratios of rate constants (each substrate compared to CEL, i.e.,
normalized rate constants) were also used to assess the reproducibility
of relative differences and determine if normalization might improve
reproducibility (Donoso-Bravo et al., 2019). The relationships between
reproducibility and BMP validation criteria and measurement method
was assessed graphically or by calculating standard deviation for sub-
sets as above. Boxplots were used to show variation within and among
substrates; they show the median, 25th and 75th percentiles (the box),
minimum and maximum (whiskers), and outliers (points, defined here
as values more than 1.5 time the interquartile range beyond the edge
of the range). Finally, the importance of substrate x laboratory inter-
actions was explored by simple separate (for each BMP test or lab) hy-
pothesis tests comparing CEL and SC, CEL and SD k using ¢-tests, as well
as analysis of variance (ANOVA) with test (lab) x substrate as predictor
variables.

3. Results and discussion
3.1. Qualitative description of SMP curves

Most SMP curves showed a similar pattern: an increase in average
CH, production rate over a few days (defined as the lag phase), followed
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by a continual decline through the remainder of the incubation. Figure 2
shows representative curves for six individual bottles, and curves for all
individual bottles can be found in the data repository associated with
this work (https://github.com/sashahafner/BMP-kinetics-paper-2022).
The presence of a lag phase was ubiquitous; only for SA and SB did the
frequency of a clear lag phase drop below 95% (70-90% for SA, 60%
for SB). Lag phases were not typically long. Median values were 3 d or
lower for all substrates, and highest for cellulose. However, these short
periods still accounted for a substantial fraction of total CH, production:
25-30% of final cumulative SMP for SC, and less for other substrates. Di-
rectly addressing the lag phase problem by excluding it improved model
fit and reduced inter-laboratory variability for both k and B,,.

Model efficiency (ME) (Nash and Sutcliffe, 1970) was generally
high, suggesting that measurements approximately followed a single-
pool first-order model (excluding any lag phase). Median ME was > 0.90
for all substrates. Differences in ME reflect qualitative differences in the
shape of SMP curve. Some curves clearly deviated from a single-pool
first-order model even after exclusion of the lag phase, as shown by part
C of Fig. 2. This particular example, as well as some others, followed
a two-pool model. Bottle 1012 showed a response completely different
from a first-order model, and is an example of a curve that should not
be used for parameter extraction, as shown in part F of Fig. 2. Visual
examination of this type of plot (Fig. 2) can show a mismatch between
measurements and model structure as well as other types of problems,
and is an important step in assessing the quality of parameter estimates
(Motulsky and Ransnas, 1987). The scale of the present work makes the
task implausible here, but plots of rate and SMP curves from the data
repository associated with this work (https://github.com/sashahafner/
BMP-kinetics-paper-2022) do show clear examples where parameter es-
timates should not be used, including bottles 160, 548, 1009, 1162, and
1681.

3.2. Parameter value summary

Estimates of k and B, were weakly negatively correlated (Fig. 3),
which might be expected due to compensation between parameter esti-
mates for k and B,,. Correlation reflects some of the uncertainty in deter-
mining model parameters from indirect measurements, and implies that
implausible B, estimates can signal a problem with k estimates or the
overall model structure. In some cases, extreme k values were associated
with extreme ultimate BMP, and these values could readily be flagged
as inaccurate. Model ultimate BMP estimates were close to measured
1% net 3 d BMP values in almost all cases, but were often slightly lower
(median values ranged from 0.96 to 1.04 for all substrate x text combi-
nations). In many cases this difference was related to underestimation
of late low production rates (e.g., Fig. 2, case C). Although the com-
bination of parameter estimates and the single-pool first-order model
(Section 2.2) would tend to underestimate ultimate BMP, this mismatch
between reality and the model is not necessarily a major problem for ex-
traction of kinetic information. But this issue should serve as a reminder
that batch kinetics often do not strictly follow first-order behavior, and
that SMP curves from different laboratories can differ qualitatively, even
for the same substrate.

3.3. Rate constant precision

Inter-laboratory reproducibility in k was generally low (high vari-
ability) and somewhat substrate-dependent. Relative standard deviation
among labs was 50 to 140% (Table 1). Differences between extremes
were > 10-fold for most substrates. Substrate SD, wheat straw, which
had the slowest degradation rate, had the lowest variability. The posi-
tive control CEL was not different from complex substrates.

In contrast to reproducibility among different labs, repeatability
within each lab, or precision of individual measurements (n = 3 or in
some cases, 2) was generally high: median relative standard deviation
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Fig. 2. Examples of methane production curves from six bot-
tles, showing average rates (left column) and cumulative spe-
cific methane production (right column). Plots display both
measured values (gray points and lines) and model calcula-
tions (solid blue: single fraction, dashed orange: 2-pool model
(only in part C)). For rates (left), the position of plotted values
on x axis is the end of each sampling interval, and average rate
is shown on y axis. Selected examples show: A, short lag phase
and first-order response; B, long lag phase and first-order re-
sponse; C, 2-pool first-order response (and long lag pase); D,
low resolution measurements; E, no clear lag phase and low
degradation rate; F, low but increasing rate, not a first-order
response. Integer plot labels show bottle ID code present in
the measurement data. All curves are for substrate SC except
E (SD) and F (CEL). The plots in the data repository (see data
availability section) show even more diversity. Note that the y
axis scales vary for the left but not right plots. (For interpreta-
tion of the references to color in this figure legend, the reader
is referred to the web version of this article.)

Fig. 3. Best-fit values of ultimate CH, yield B, vs. rate con-
stant k by substrate. Observations with extreme values of B,
(Section 2.3.2) were excluded from plots. Lines show robust
regression results.
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Table 1
Summary of best-fit k values for all laboratories by test and study.
Median Std. dev. Range
4, ok B, k B, k
Substrate ~ Study  Test n @ @H @mLg"h @ (%) (fold)
CEL S1 T1 21 2.0 0.42 345 88 13 10
CEL S1 T2 21 2.5 0.42 348 89 15 13
CEL S2 T1 66 3.0 0.48 339 111 24 30
SA S1 T1 21 0.7 0.46 352 113 14 14
SA S1 T2 21 1.0 0.53 349 83 14 9
SB S1 T1 19 0.5 0.46 355 142 19 33
SB S1 T2 19 0.0 0.48 342 115 32 16
SC S1 T1 20 1.0 0.43 458 79 22 9
SC S1 T2 20 1.5 0.43 454 57 16 5
SC S2 T1 60 2.0 0.41 453 96 20 47
SD S2 T1 43 20 012 284 52 19 10
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Fig. 4. Inter-laboratory variability in best-fit first-order rate constant k by sub-
strate. Note the logarithmic scale (y axis); the interquartile range is 2- to 4-fold
for most substrates.

among replicates was only 6-18% depending on substrate (lowest for
SA).

Normalization to CEL k slightly improved variability for most sub-
strates (standard deviation decreased by 0 to 46%, excluding SD and
a single SC combination) (Fig. 4). But for the slowest degrading sub-
strate SD, variability in normalized k was even higher (standard devi-
ation increased by a factor of 3), which is not surprising considering
that variability in k was lower for SD than CEL. This difference for SD
may suggest that degradation rate of substrates with higher availability
of easily degradable components (SA, SB, SC were animal feeds after
all) is more sensitive to inoculum properties, but this hypothesis needs
testing.

As the normalization results hint, apparent laboratory x substrate
interactions contributed to low reproducibility in intra-laboratory sub-
strate comparisons. This was shown by an F test result using all sub-
strates (p < 2 - 10716 for an interaction term) and comparisons made us-
ing individual t-tests applied by laboratory (test) to CEL and SC only.
Nearly half of t-tests (56/118) had p < 0.01 but of these, those with SC
k > CEL k (24) were nearly as common as those with the opposite re-
sult (32). This is an important result: Not only is it difficult to compare
substrates analyzed in different laboratories, it cannot be assumed that
a difference between substrates observed in one laboratory is represen-
tative of the general response, regardless of statistical significance (the
lowest observed p value was below 1- 1077, and relative differences in
mean k ranged from 0.13x to 4.1x). However, an overall large differ-
ence in mean k coupled with a low p value may still be meaningful, as
shown by a similar comparison between SD and CEL. Here, all tests with
p < 0.01 (48/59) showed lower k for SD.

Fig. 5. Best-fit rate constant k plotted by substrate, study (S1, left, or S2, right),
and measurement method (white = AMPTS II, light gray = manometric, dark
gray = other volumetric).

Application of current BMP validation criteria did not clearly im-
prove reproducibility, but did have some effects. Best-fit k was higher
for BMP-validated results for at least some substrates (+24% for overall
effect of validation, p = 0.002). Most lack of validation was caused by a
low cellulose BMP. For some substrates, validation criteria were able to
eliminate extreme k values (2 of 3 for SC and 7 of 11 for SD eliminated)
and improved reproducibility for SC, and SD (17 to 60% reduction).

There were no consistent differences in variability among measure-
ment methods (Fig. 5). All three popular methods were variable for
some substrate X study combinations, and showed similar results for
SD (gravimetric and absolute GC were excluded because they were used
by few labs and variability was low in most cases). In contrast, there
were differences in k magnitude: other volumetric methods provided
lower k values than AMPTS II in both studies S1 (-52%) and S2 (-23%)
(p < 0.03 by F-test) (Fig. 5). Mechanical mixing and a high measurement
frequency for the commercial AMPTS II system, compared to other (typ-
ically manual) volumetric methods both may have played a role.

Use of a shared inoculum did not consistently reduce variability in
measurement of k (Fig. 6). Variability increased in as many cases as it
decreased (4 of 8) (standard deviation calculated with mean values for
each laboratory x substrate combination, i.e., points in Fig. 6). Even
with an identical inoculum source, different laboratories measured dif-
ferent rates (even exceeding a factor of 3) and curves showed different
development of rate over time. Why inoculum sharing was not suffi-
cient is not clear, but disruption due to transport, transfer, and storage
is a possible source of error. An analysis of BMP measurements from
this same dataset showed no evidence of a general improvement in the
reproducibility of BMP by sharing inoculum either (Hafner et al., 2020).

In general, results were not dependent on the exact approach used
for extracting parameters. Fitting through the lag phase tended to result
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Fig. 6. Best-fit k values versus inoculum source. Lines connect
3.0 Country A Country B Country C points from the same laboratory and each individual labora-
L L L tory is represented by a unique color. Inoculum was shared
within countries. Points show mean values (typically n = 3)
1.0 E \ F E o and vertical lines show standard deviation.
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in lower k estimates and more variability in k and B,. Using cumula-
tive SMP (y instead of rate F) as the response variable decreased vari-
ability, but these observations are not independent and by definition
the approach presented here more accurately represents measured rates
(Sections 2.2 and 2.3.1). Details for a total of six different approaches ap-
plied can be found in the data repository that is associated with this pa-
per (https://github.com/sashahafner/BMP-kinetics-paper-2022). Fur-
thermore, because the SMP measurements used in this work are now
publicly available through this repository, others are free to repeat this
analysis using different approaches.

3.4. Can reproducibility be improved?

The magnitude of k was positively correlated with the quantity of
CH, produced during the lag phase (Spearman’s rank correlation coeffi-
cient p = 0.4) and weakly correlated with ME (p = 0.2). However, there
was no clear relationship between reproducibility and these character-
istics, i.e., neither shows strong potential for development of validation
criteria. The presence of consistent correlation undermines any assump-
tion that k reflects only intrinsic properties of the substrate.

Model fit and the ratio of B, to measured BMP (1% net 3 d) were
related. For very high ME, B, must be larger than measured BMP, but
typically only slightly larger. The value of k was strongly negatively cor-
related with the ratio B,:BMP (p = —0.66), which probably reflects true
differences in kinetics (not necessarily intrinsic). Values below unity in-
dicate that the single-fraction first-order model used does not completely
describe the observed response, and at least some extreme k estimates
could be eliminated by applying a B,:BMP cutoff. However, it is not rea-
sonable to exclude all results with a ratio below 1.0, considering that all
parameter estimates will have error, and the estimates of k do not qual-
itatively change below this value.

Rate constants extracted from SMP curves clearly reflect more than
intrinsic characteristics of substrates, probably including effects of in-
ocula and other differences related to the BMP test protocol that are
evidently difficult to standardize (even with the use of the same in-
oculum source). Although there has recently been significant success
in improving BMP reproducibility through application of validation cri-
teria, drastic improvement in the reproducibility of k seems unlikely
given these results. Kinetic results may simply be too sensitive to the
test environment or the initial state and development of the microbial

community, which in turn may respond to small differences in handling
and other test procedures. Stated differently, results suggest that k val-
ues from batch tests depend on numerous factors, and intrinsic substrate
characteristics is only one.

Although no indicators show potential for a drastic improvement in
reproducibility as validation criteria, the most reproducible k estimates
likely come from cases where the applied first-order model accurately
describes the measurements, i.e., cases which have high ME and a ratio
of B, (model ultimate BMP) to measured BMP near but slightly greater
than 1. Furthermore, low or no lag phase CH, production and a high
sampling resolution (possibly quantified by a small maximum value of
7) indicate that extracted values are based on a high number of mea-
surements, and these might also serve as validation criteria. However,
defining quantitative validation criteria for k is arbitrary, and select-
ing values that will be widely useful and not too restrictive is challeng-
ing and of dubious value at this time, at least for the present data set.
With few exceptions, changes in k with respect to potential indicators
are gradual. Further complicating this task is the issue with variability
among substrate types. How representative are the five substrates used
here? Substrates varied in composition and degradability (Section 2.1)
but were all dried, finely ground, and primarily carbohydrate-based.
While it is likely that other substrates may show different results, there
is no clear reason to expect that the low inter-laboratory reproducibility
quantified here is not generally representative. It is possible that less ho-
mogeneous or more complex materials may show even more variability.
Regardless, the minimal step of applying current BMP validation crite-
ria (Holliger et al., 2021) is recommended. A visual comparison of the
curve calculated by the model and measurements should also always be
carried out (Motulsky and Ransnas, 1987).

4. Conclusions

Inter-laboratory reproducibility in first-order rate constants from
batch tests was poor and not improved by sharing an inoculum. BMP
validation criteria slightly improved rate constant reproducibility and is
recommended, but normalization to a reference substrate did not con-
sistently improve reproducibility and cannot be recommended. Results
show that rate constants from BMP tests should be taken only as ap-
proximate indicators of the substrate degradation rate and any applica-
tion of these types of results should account for associated uncertainty.
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Low reproducibility also implies that substrate and treatment compar-
isons should be done in a single batch test within a single laboratory.
Nonetheless, due to laboratory effects that vary among substrates, dif-
ferences in rate constants may not represent a general difference that
would be observed in other laboratories, highlighting the importance of
repetition.

Supplementary data

E-supplementary data of this work can be found in online version
of the paper. A single pdf file with a table and plots showing data or
comparisons that support or clarify some results described in the paper
is available.
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