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Introducing Quantitative Assessment of Michaelis Constant
(Km) Accuracy
Tong Ye Wang, Parmeetpal Dhillon, Svetlana M. Krylova, Amit Bijlani, Sebastian Schreiber,
Dasantila Golemi-Kotra, Joachim Jose, and Sergey N. Krylov*

The Michaelis constant (Km) is central to enzyme kinetics, guiding
variant selection, inhibitor screening, and metabolic modeling.
However, Km obtained by nonlinear regression can be substan-
tially inaccurate even when the reported standard error (SE)
appears small. Common software reports SE but provides no
accuracy metric. This gap is addressed by extending the accuracy
confidence interval (ACI) framework to Km (ACI-Km) through
a binding-isotherm formulation of the velocity–substrate fit.
Given confidence intervals for concentration accuracy, the
method quantifies how residual systematic uncertainties in
enzyme and substrate concentrations ( E0 and S0) propagate into
the determined Km values and provides a probabilistic interval
expected to enclose the accurate value. The approach requires

no additional kinetic experiments and is directly applicable to
existing datasets. Concentration-accuracy intervals can be esti-
mated from calibration data, reagent specifications, or quality-
control records. ACI-Km is valid across a wide range of E0/Km con-
ditions, including relatively high E0. A free web application
(https://aci.sci.yorku.ca) implements ACI-Km. Tests on synthetic
and experimental datasets show that Km � SE can severely under-
estimate uncertainty, whereas ACI provides more reliable accu-
racy bounds for decision-making, complementing rather than
replacing traditional precision metrics by providing quantitative
diagnostic bounds for concentration-related uncertainties in Km
determination.

1. Introduction

Enzymatic reactions are fundamental to biochemical transforma-
tions requiring catalysis, typically proceeding through an intermedi-
ate enzyme–substrate complex. Michaelis constant (Km), a key
parameter characterizing enzymatic activity, provides insights
into enzyme–substrate affinity and reflects the stability of the

intermediate complex under the quasisteady-state approximation
(QSSA).[1–3]

This work focuses on the accuracy of Km. Accuracy reflects
how close the determined parameter is to the true, model-
implied value, whereas precision refers to the statistical scatter
of a parameter estimate, e.g., the standard error (SE) returned
by nonlinear regression. Crucially, a parameter can be highly pre-
cise but grossly inaccurate if systematic errors bias the measure-
ment. Thus, ensuring not only precision but also the accuracy of
parameters such as Km is essential for meaningful biochemical
interpretations and sound decision-making.

Reliable Km values are critical across diverse biochemical
applications. Because Km guides variant ranking, inhibitor and
substrate concentrations in assays, metabolic-flux modeling,
and bioprocess feed strategies, the accuracy (not merely the
precision) of Km is decisive for downstream decisions. In industrial
biotechnology, accurate Km values enable optimal enzyme selec-
tion, improving production efficiency and reducing costs.[4] In
drug development, accurate Km determination is vital for design-
ing effective enzyme inhibitors and accurately modeling drug
metabolism, affecting efficacy and dosage.[5–8] Similarly, biophar-
maceutical enzyme dosing relies directly on accurate Km values.[9]

In metabolic engineering, accurate Km parameters guide the
optimization of metabolic fluxes and minimize pathway
bottlenecks.[10] Environmental biotechnology depends on accu-
rately known Km values to match enzyme activity to pollutant
concentrations for effective bioremediation.[11] Accurate Km
values in the food and beverage industry ensure precise control
of enzymatic processes, maintaining product consistency and
quality.[12,13] Overall, accurate Km values are essential for reliable
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decision-making, underscoring the practical importance of rigor-
ous Km accuracy assessment. To concretely demonstrate how
inaccurate Km values impact such decisions, we quantitatively
explore representative practical consequences using synthetic
data in the first section of Results.

Because accuracy can be assessed only against a known ref-
erence, we first clarify how synthetic and experimental data serve
different purposes in this study. Validation of numerical accuracy
requires comparison to a known ground truth, which can be
achieved only with synthetic datasets where the kinetic param-
eters (Km, k1, k–1, k2) are defined by construction.[14] Real enzyme–
substrate systems lack such known references, so experimental
results can demonstrate workflow and feasibility under realistic
conditions, but cannot validate accuracy or generality.

The current standard for determining Km is the nonlinear
regression of the Michaelis–Menten (MM) plot, which graphically
represents the relationship between the initial reaction velocity
(v0) and the initial substrate concentration (S0) under the standard
QSSA (sQSSA).[15–17] Nonlinear regression fits the MM equation to
experimental data, allowing for the estimation of both Km and
either the maximum reaction velocity (v0,max) or the catalytic
turnover rate (k2), each accompanied by SE.[2] Typically,
experimentally determined Km values (Km,det) are reported as
“Km,det � σ”, where σ represents the SE obtained from curve fit-
ting. This defines the precision confidence interval (PCI), such that
the PCI corresponds to [Km,det � σ, Km,det þ σ] for a 68.3%
confidence level.[18–20] While PCI quantifies precision, it provides
no information about accuracy, leaving researchers unaware of
potentially critical systematic errors. Standard software tools
(e.g., GraphPad Prism and Origin) only return Km,det � σ, and pro-
vide no direct measure of accuracy.

Significant discrepancies are frequently reported between
independently determined Km values for identical enzyme–
substrate pairs under similar conditions, often with nonoverlap-
ping PCIs.[21,22] These differences reveal the vulnerability of Km
determination to inaccuracies stemming from systematic concen-
tration uncertainties or other experimental biases, factors not
reflected in precision metrics alone. Currently, no practical,
easy-to-use tool is available to quantitatively assess these system-
atic errors without requiring additional experimentation, leaving
critical risks of misinterpretation and incorrect decision-making
unaddressed.

We recently introduced the concept of the accuracy confi-
dence interval (ACI), a quantitative metric addressing systematic
errors by using a correctly chosen regression model as the refer-
ence standard instead of the inherently unknowable true value of
a parameter.[18] Assuming that all correctable systematic errors
have been rigorously minimized, the ACI represents the interval
arising from unavoidable residual systematic uncertainties (in
concentrations and measured signals), bounded by two calcu-
lated values, within which the true parameter value is expected
to lie with a defined probability. These bounds are obtained by
combining error propagation and regression stability analyses.[18]

The validity of the conversion between random errors of variables
and confidence intervals (CIs) of systematic errors depends on
adherence to certain experimental protocols and assumptions

concerning the preparation of stock solutions.[18,23] For example,
random errors in preparing stock solutions may propagate as sys-
tematic concentration errors when a single set of stock solutions
is used to prepare all dilutions for the parameter-determination
experiment.

In our earlier work, we demonstrated the ACI concept by
developing a workflow for computing the ACI of equilibrium dis-
sociation constants (Kd) for affinity complexes.[18,23,24] During a
similar error-propagation analysis for Km determination, we
uncovered an overlooked mathematical identity: under QSSA,
Km determination is mathematically equivalent to Kd determina-
tion. Thus, the comprehensive ACI workflow developed for Kd[18] is
fully applicable to Km determination upon straightforward
renaming of variables: ligand ! enzyme, target ! substrate,
and Kd ! Km. This insight represents a valuable unification,
enabling a compact and universally applicable treatment of Km
accuracy. This approach does not add computational complexity
and allows rigorous quantitative assessment of Km accuracy with
no additional kinetic experiments beyond standard MM assays.

Importantly, the binding-isotherm regression model assumes
that v0,max can be reliably determined experimentally. Thus, our
approach is primarily suited to enzymatic reactions that exhibit
saturation in MM plots. Under such conditions, the experimen-
tally measured v0,max approximates the true v0,max, thereby
improving the accuracy and precision of Km determination by
reducing the number of unknown parameters from two to
one.[25,26]

To ensure practical relevance and robustness, we benchmark
our ACI-based method rigorously against standard nonlinear
regression software (Origin), comparing Km intervals and demon-
strating that our approach reliably captures systematic errors
overlooked by conventional PCI-based analyses. To facilitate
rapid and widespread adoption of this accuracy assessment tool,
we integrated Km ACI calculations into a freely accessible,
user-friendly web application (https://aci.sci.yorku.ca). The com-
bined quantitative assessment of Km accuracy and precision will
improve the reliability of enzymatic studies and reduce the risk of
inaccuracies adversely influencing biochemical research and
industrial decision-making.

2. Results

2.1. Practical Consequences of Inaccurate Km Values

The research community often underestimates the importance of
Km accuracy because i) Km is viewed as an estimated parameter
under QSSA, and thus its accuracy is dismissed on the grounds
that the parameter lacks a “true” value or exists only at an
unknown time point; ii) small SEs are routinely misinterpreted
as evidence of correctness, iii) popular analysis software such
as GraphPad Prism and Origin report precision but not accuracy,
iv) teaching and practice have traditionally emphasized replicate
scatter over bias, v) there has been no user-friendly method to
quantify systematic uncertainty until now, and vi) researchers
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often rely on relative Km comparisons, assuming that systematic
errors cancel out across variants.

However, the precondition of any meaningful scientific mea-
surement or parameter determination is the existence of a true
(or most accurate attainable) value; otherwise, the measurement
itself is meaningless, and Km is no exception. In Km determination,
we adopt the QSSA as a working assumption, even though its appli-
cability may not be absolute, and then seek to achieve the highest
possible accuracy of the determined Km. Critically, the systematic
uncertainties of all experimental variables should be considered
during Km determination, but this is often (if not always) neglected
in conventional data analysis. Traditional studies typically rely on
single-point “mean” values to rank enzymes, even though such val-
ues can differ substantially and, in some cases, even reverse rank
orders. To highlight these issues, the first section of our results is
dedicated to demonstrating the practical consequences of relying
on conventionally determined but inaccurate Km values.

Accurate determination of Km is not merely an academic con-
cern but a practical necessity, as it directly influences a wide range
of downstream decisions in biochemistry, systems biology, and
industrial biotechnology. To illustrate how even moderate system-
atic errors in experimental variables can lead to significant practical
consequences, we generated fully synthetic progress curves by
imposing 20% systematic errors on both the initial enzyme and sub-
strate concentrations (E0 and S0), using systems with known true
kinetic parameters by design. All simulations were performed within
the standard quasi-steady-state regime assumed by the MMmodel,
ensuring that the observed effects reflect systematic-error propaga-
tion rather than pre-steady-state kinetics. The resulting MM plots
were then fitted using the classical MM equation and standard
least-squares (L-S) regression in Python, functionally equivalent to
the fitting procedures implemented in GraphPad Prism and
Origin. From these fits, the Km,det value, and the maximum initial
reaction velocity (v0,max) were simultaneously obtained, allowing
the calculation of the catalytic rate constant k2. See Note S1 in
the Supporting Information for further details of this virtual study.

Most screening and ranking campaigns prioritize catalytic effi-
ciency (k2/Km) as the ranking metric, typically without accounting
for uncertainty, rather than evaluating Km alone.[27] Following this
industry standard, ten synthetic enzymes were designed to display
a fivefold spread in true catalytic efficiency (0.043 – 0.200 μM�1 s�1),
and the enzymes would exhibit a true monotonic rank order. Upon
using L-S regression to fit the MM curves, the determined apparent
catalytic efficiencies collapsed into a narrow 0.033 – 0.039 μM�1 s�1

range, and the ranking reversed almost completely (Figure 1A).
This distortion arose because the relative systematic error in the
determined Km increases with the ratio of the true initial enzyme
concentration (E0) to the true Km value (Figure 1B). As a result, the
genuine top performer (Pair 01) fell to ninth place, while a mid-field
variant (Pair 04) surfaced as the apparently most efficient enzyme.
Notably, the assay employed the canonical substrate concentration
range of (0.1–10)�Km and confirmed linear initial-rate segments
with ≤10% substrate depletion, ruling out poor experimental
design as the cause. In a real screening campaign, such rank-order
reversals could misdirect resources toward underperforming

catalysts and prematurely eliminate high-value candidates, costly
missteps for both academia and industry.

We propose that the previously introduced ACI framework,[18]

originally developed to assess Kd accuracy, can serve as a critical
checkpoint for identifying the higher limit of Km accuracy. By
quantifying potential bias in advance, ACI can alert practitioners
when variant rankings may be unreliable because the experi-
mental conditions fall outside an accuracy-safe regime, thereby
enabling methodological adjustments before consequential
downstream decisions are made.

2.2. Mathematical Framework of Km Determination and its
Analogy to Kd Determination

The mathematical framework underlying the classical determina-
tion of Kd through L-S nonlinear regression of a binding isotherm
has been thoroughly described in our previous work (Wang et al.,
2024).[23] In the present study, we extend this analysis by

Figure 1. Impact of conventional L-S regression on catalytic efficiency ranking
and Km, det accuracy. A) True (orange) versus determined (green) catalytic effi-
ciencies (k2/Km) for ten synthetic enzyme–substrate pairs. True and determined
rankings are labeled in red and blue, respectively (#1= highest efficiency).
Despite a fivefold spread in true efficiencies, L-S regression compressed the
apparent values and severely distorted the rank order. B) Log–log plot of the
relative systematic error in Km, det (|ΔKm/Km|) as a function of true E0/Km, illus-
trating that Km, det inaccuracy increases steeply with rising the true initial
enzyme concentration (E0) relative to the true value of Km.
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exploring the parallels between the mathematical approaches
used for determining Km and Kd.

To formalize the mathematics of Km determination, we
consider a classic mechanism of enzymatic reaction

E þ S⇌
k�1

k1
C!k2 E þ P (1)

where E is the enzyme, S is the substrate, C is the intermediate
enzyme–substrate complex, and P is the product, while k1, k–1,
and k2 are the rate constants for complex formation, complex dis-
sociation, and catalytic turnover, respectively.[21] This mechanism
assumes that product formation is the rate-limiting step and that
the initial reaction velocity (v0) is measured under conditions
where product accumulation is minimal and substrate depletion
is negligible. Under these conditions, v0 can be expressed as
v0 = k2C, where C is the concentration of the enzyme–substrate
complex.[21,28,29]

In the quasi-steady state, the rates of formation and con-
sumption of C are considered equal, so that the net rate of
change in the total complex concentration is zero

dC
dt

¼ k1ES� k2 þ k�1ð ÞC ¼ 0 (2)

From this equation, Km is defined as

Km ¼ k2 þ k�1

k1
¼ ES

C
(3)

which is mathematically analogous to the definition of Kd.[23]

Under the conditions where v0 is measured (i.e., when the
amount of the product formed is negligible), the mass balance
for the total concentrations of enzyme and substrate can be
expressed as

E þ C ¼ E0
Sþ C ¼ S0

(4)

where E0 is the total enzyme concentration and S0 is the total
substrate concentration.

Let us introduce the fraction R of free enzyme, which is
mathematically analogous to the fraction of free ligand used
in Kd determination

R ¼ E
E0

(5)

Using the definitions of Km and R ((Equation 3) and (5)) as well
as mass balance Equations (Equation 4), we can link Km to S0, E0,
and R

Km ¼ S0 � E0 1� Rð Þ
1ð =R� 1Þ (6)

This expression parallels the single-point Kd-determination
equation employed in classic equilibrium approaches.[23]

In enzymatic reactions, researchers typically measure v0. We
can express v0 as the reaction rate (dP/dt) at the beginning of the
quasi-steady state and link R with the reaction velocity

v0 ¼
dP
dt

¼ k2C ¼ k2E0 1� Rð Þ ¼ v0,max 1� Rð Þ ⇒

R ¼ v0,max � v0
v0,max

(7)

here, v0,max denotes the maximum initial reaction velocity, which
theoretically equals k2E0. This expression for the determination of
R in enzymatic reactions is analogous to the equation used for
determining the fraction of unbound ligand in Kd
determination.[23]

Finally, (Equation 6) can be rewritten as a quadratic equation
for R and solved to yield a theoretical dependence of R on Km, S0,
and E0

R ¼ � Km þ S0 � E0
2E0

þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Km þ S0 � E0
2E0

� �
2

þ Km

E0

s

(8)

This completes the mathematical formulation for finding
Km,det by nonlinear regression of a “binding isotherm”. The bind-
ing isotherm describes the dependence of R determined with
(Equation 7) on S0 for a constant E0. The determination of
Km,det by nonlinear regression of a binding isotherm with
(Equation 8), referred to here as the “binding-isotherm model”,
is schematically depicted in Figure 2A.

2.3. The Value of Unifying the Mathematical Frameworks for
Km and Kd Determination

It is instructive to emphasize that the equilibrium of ligand–target
binding and the pseudoequilibrium of enzymatic catalysis
(Equation 1) are distinct processes. Despite this fundamental differ-
ence, the mathematical frameworks used to determine Km and Kd
exhibit strong analogies. A universal nonlinear regression binding-
isothermmodel (e.g., (Equation 8)) can be used to fit the experimen-
tal binding isotherms. Some previous studies have recognized the
use of the binding-isotherm model (or its variants) for Km determi-
nation under total QSSA (tQSSA), particularly when high enzyme
concentrations (E0) are used.[30–33] However, to the best of our
knowledge, no systematic study has comprehensively examined
the parallels between Km and Kd determinations across their
theoretical foundations, experimental implementations, and data
analysis methodologies.

We would like to emphasize that the methodological signifi-
cance of the analogous mathematics underlying Km and Kd deter-
minations should not be overstated. This mathematical similarity
nonetheless offers a valuable unifying framework for the quantita-
tive analysis of both binding and catalytic processes. It facilitates a
streamlined, cross-disciplinary analytical approach. Notably, the
binding-isotherm model (Equation 8) describes the dependence
of a unitless variable, R, on substrate concentration (S0), in contrast
to conventional kinetic models that express the dependence of ini-
tial reaction velocity v0 (dP/dt) on S0 under either sQSSA or tQSSA. By
avoiding the need to convert the instrument signal (e.g., absor-
bance) into product concentration (P), the binding-isotherm model
simplifies the experimental workflow of Km determination
by eliminating the calibration step. Demonstrating that the
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binding-isotherm model is applicable to both Km and Kd determina-
tions, we offer a versatile tool that enhances the reliability of non-
linear regression analyses across diverse biochemical applications.

This consistency in mathematical treatment simplifies the val-

idation and comparison of experimental results, as the same

regression model can be employed without modification.

Moreover, it allows for the direct transfer of computational tools

and error-propagation techniques between studies focusing on

enzymatic reactions and affinity binding, fostering greater effi-

ciency and accuracy in biochemical research.
This unified approach also aids in the education and training

of researchers by reducing the learning curve and minimizing the
potential for methodological errors. Mastering a single robust
model enhances efficiency and ensures consistency across stud-
ies. Ultimately, identical mathematics enables advancements in
one area of study to be readily adapted to others, accelerating
innovation and improving the overall robustness of biochemical
analyses. Here, we capitalize on the ability to directly transfer pre-
viously obtained error-propagation results and approaches for
accuracy assessment from Kd to Km.

2.4. Propagation of Systematic Errors in Km Determination

The error propagation for Kd has been reported previously.[24]

Given the mathematical similarity between Kd and Km determina-
tions using the binding-isotherm model, these findings can be
readily adapted to Km through a straightforward substitution
of terms: replacing T0 with S0, L0 with E0, and Kd with Km. The
results of this adaptation are detailed below.

When the QSSA holds, the accuracy of Km,det depends
on the accuracy of E0, S0, and R. If these values were exact
(i.e., free from systematic errors), Km determination would be
accurate and subject only to random errors. However, in practice,
systematic errors in E0, S0, and R (denoted as ΔE0, ΔS0, and ΔR)
contribute to the systematic error in Km,det (denoted as ΔKm),
as explained below using an assumption that ΔE0, ΔS0, and ΔR
are known.

The translation of ΔE0, ΔS0, and ΔR into ΔKm follows error propa-
gation rules. These rules vary depending on whether ΔE0, ΔS0, and
ΔR are strongly or weakly correlated. If they are fully correlated
(which occurs when similar procedures are used for enzyme and
substrate solution preparation, and ΔR results solely from ΔE0
and ΔS0), the absolute value of ΔKm can be approximated as

jΔKmj ¼
�
�
�
�

∂Km

∂S0

� �

ΔS0

�
�
�
�
þ
�
�
�
�

∂Km

∂E0

� �

ΔE0

�
�
�
�
þ
�
�
�
�

∂Km

∂R

� �

ΔR

�
�
�
�

(9)

Applying this relationship to the dependence of Km on E0, S0,
and R ( (Equation 6) ) gives (Note S2, Supporting Information)
�
�
�
�

ΔKm

Km

�
�
�
� ¼ aþ b

E0
Km

(10)

where a and b are error-dependent coefficients: a is determined
by the relative systematic errors in substrate concentration and
response signal, i.e., |ΔS0/S0| and |ΔR/R|, while b also incorporates
the relative systematic error in enzyme concentration,
|ΔE0/E0|, making it a function of all three error terms.

If ΔE0, ΔS0, and ΔR are weakly correlated (e.g., when enzyme
and substrate solutions are prepared using different approaches,

Figure 2. Schematic representations of A) determination of Km, det and its standard deviation (σ) by nonlinear regression with three variables from the bind-
ing isotherm (E0, S0, and R) and B) propagation of systematic errors in these variables leading to a triphasic dependence of the relative systematic error in
Km, det on the ratio E0/Km in which Km designates its true unknown value. (This figure is modified with permission from ref. [23] Copyright American
Chemical Society).
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and ΔR is independent of ΔE0 and ΔS0), the absolute value of ΔKm
can be approximated as (Note S2, Supporting Information)

jΔKmj ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∂Km

∂S0

� �
2

ΔS0
2 þ ∂Km

∂E0

� �
2

ΔE0
2 þ ∂Km

∂R

� �
2

ΔR2

s

(11)

Applying this relationship to (Equation 6) gives

�
�
�
�

ΔKm

Km

�
�
�
�
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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where α, λ, and β are error-dependent coefficients. Both α and λ
depend solely on |ΔS0/S0| and |ΔR/R|, while β depends on all three
relative errors: |ΔS0/S0|, |ΔE0/E0| and |ΔR/R|. (Equation 10) and (12)
were obtained with a single simplifying assumption: the value of
R determined from measured initial reaction velocities
(Equation 7) is equal to 0.5, leading to the least erroneous Km,

det.[18,34] Thus, (Equations 10) and (12) represent the lower limit
for relative systematic errors in Km,det. Exact dependencies of a
and b, as well as α, λ, and β on |ΔS0/S0|, |ΔE0/E0|, and |ΔR/R|, which
can be found elsewhere (and in Note S2, Supporting
Information),[24] are not required for our analysis here.

(Equation 10) and (12) share a triphasic shape for the depen-
dence of |ΔKm/Km| on E0/Km, as illustrated in double-log coordi-
nates (Figure 2B). In the first phase, at low E0/Km values, an
“insensitive region” emerges in which |ΔKm/Km| shows negligible
dependence on E0/Km. This behavior arises because the leading
term in (Equation 10) and the first term under the square root in
(Equation 12) dominate the overall error expression. In the third
phase, at high E0/Km values, a “highly sensitive region” appears,
where |ΔKm/Km| increases linearly with E0/Km (|ΔKm/Km| = b(E0/Km)
and |ΔKm/Km| = β(E0/Km), respectively). Between these two
extremes lies a nonlinear transition region connecting the insen-
sitive and highly sensitive phases.

It is important to note that these error-propagation analyses
assume Km is the sole parameter being determined. However,
conventional MM curves typically estimate both Km and v0,max

(or k2) simultaneously, as was done in the synthetic ranking sim-
ulations (Figure 1). While the resulting error trends may differ
between the single-parameter and two-parameter cases, the
results in Figure 1 clearly demonstrate that simultaneous fitting
of both parameters does not improve Km accuracy, and may in
fact worsen it.

Both (Equation 10) and (12) indicate that minimizing |ΔKm/Km|
involves reducing enzyme concentration E0 (to lower the E0/Km
ratio) and minimizing relative systematic errors in E0, S0, and R.
However, decreasing E0 is constrained by the instrument’s limit
of quantitation (LOQ) for the product of the enzymatic reac-
tion.[35] Below this limit, excessively long times are required to
accumulate sufficient product for reliable v0 measurement, crucial
for accurate calculation of R with (Equation 7) . Moreover, system-
atic errors in concentrations cannot practically be reduced below
the random errors associated with stock-solution preparations
across different samples.[18,23] These limitations render highly
accurate Km determination inherently challenging, underscoring
the importance of quantitative methods for assessing the

accuracy or systematic uncertainty of Km,det. Given the mathemat-
ical analogy between Kd and Km determinations, the error-assess-
ment framework previously developed for Kd can be directly
applied to Km, as demonstrated below.

2.5. Quantitative Assessment of Km Accuracy by Computing
its ACI

In general, accuracy is a quantitative term associated with a sys-
tematic error, which is defined as the deviation of the determined
value from the true value. When the true value is fundamentally
unknown, the systematic error cannot be calculated from this
definition. As a result, accuracy assessment becomes a complex
problem, even for parameters measurable against reference
standards like length, mass, time, charge, and temperature.[36–39]

This challenge is even more pronounced for parameters without
reference standards, such as Kd and Km, which remain constant
only under strictly defined conditions or within specific time
intervals.[40–44]

We recently suggested an approach to overcome this issue by
introducing an ACI for parameters determined using correct
regression models. In this concept, the correct regression model
replaces the true value of the parameter as a reference stan-
dard.[18] The ACI defines a range within which the true value lies
with a specified probability. For certain regression models, the
bounds of this range can be computed by combining error-
propagation and regression-stability analyses, provided that
CIs for systematic errors in variables can be experimentally
estimated.[18] Together, these two approaches constitute the
complementary pillars of calculating the ACI of Km.

2.6. Error-Propagation Analysis

The error-propagation analysis begins by transforming random
errors in variables (e.g., concentrations) into CIs for their system-
atic errors. Error-propagation rules are then applied to identify
the systematic-error boundaries (of variables) defining the ACI
of the sought parameter.[18]

Although random and systematic errors are generally distinct
concepts, in typical experimental protocols for Kd and Km
determinations, CIs for systematic concentration errors can be
estimated based on the observed random errors across indepen-
dently prepared stock solutions.[18,23] Specifically, this conversion
relies on the assumption that all “true” systematic errors in exper-
imental variables, focusing here on concentrations, have been
effectively eliminated through rigorous experimental procedures
such as calibrating volume and mass measurement devices, cor-
recting for reagent impurities, and eliminating adsorption
effects.[23] In this context, random errors introduced during stock
solution preparation propagate as systematic errors in the final
samples and define the CIs for systematic concentration errors,
since the same stock solutions are used for all dilutions in
Kd or Km determinations, which is a common experimental
practice.[45,46]
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Given the similarity between Kd and Km determinations, the
approaches outlined in our recent Kd-focused study can be
applied to minimize |ΔS0/S0| and |ΔE0/E0|.[23] When such errors
are minimized, it is reasonable to approximate the CIs of |ΔS0/
S0| and |ΔE0/E0| using the relative random errors in stock-solution
concentrations (i.e., δS0/S0 and δE0/E0).[18,23] The values of δS0/S0
and δE0/E0 can be experimentally determined based on the spec-
troscopic signals (e.g., light absorption) from substrate and
enzyme across multiple independent stock solution preparations,
which involves only modest additional effort. Alternatively, they
can be estimated based on the accuracy uncertainties of the
reagent purity and the equipment used for sample preparation,
requiring no additional experimental work. Regardless of the cho-
sen approach, the experimental effort involved in assessing
concentration-related systematic errors within the ACI framework
is minimal compared to that required for conventional Km system-
atic uncertainty assessments, which often rely on additional
kinetic assays.

Since no established method quantitatively assesses the CIs
of ΔR/R, here we only consider the CIs of ΔS0/S0 and ΔE0/E0 to
compute the narrower limit of the ACI of Km. Notably, this
procedure should be applied after minimizing the underlying
systematic errors in the experimental signals, such as those
from instrument calibration or baseline selection, which must
be strictly and routinely controlled. By applying the error-
propagation rules ( (Equation 10) or (12) ) to a specific case of
(Equation 6) (e.g., R= 0.5), we can obtain the ΔS0/S0 and
ΔE0/E0 values (within their corresponding CIs) that together
define the CI of ΔKm/Km at specified probabilities (Note S3,
Supporting Information).

2.7. Regression-Stability Analysis

The regression-stability analysis quantitatively evaluates the
stability of the Km,det value to changes in E0 used in nonlinear
regression. This process first computes the CI of E0/Km and sub-
sequently determines the ACI of Km.

Traditionally, researchers qualitatively confirm the accuracy of
Km,det by experimentally examining whether Km,det is insensitive to
changes in E0 in multiple MM plots.[47] However, this approach is
time-consuming, resource-intensive, and lacks quantitative rigor.
Inspired by the mathematical similarity between Kd and Km deter-
minations, we developed a quantitative regression-stability anal-
ysis, integrated with error propagation, to derive the ACI of Km
from a single binding isotherm (“R vs S0”), which can be fitted
using the binding-isotherm model (Equation 8).

We name this approach ACI-Km; the step-by-step conceptual
workflow for ACI-Km is shown in Figure 3. ACI-Km requires a full
MM plot (“v0 vs S0”) obtained under QSSA. In this case, v0,max is
experimentally achieved at the highest S0. Using v0,max, and
Equation (7), R values for each S0 are calculated to construct the
binding isotherm (“R vs S0”). In this study, owing to the absence
of an established method to quantitatively assess the CIs of ΔR/
R, we restrict the application of ACI-Km to concentration-related
systematic errors.

Since the effectiveness of ACI-Km depends on the regression-
stability test, which requires sufficient sensitivity of Km,det to
variations in E0 during fitting, this approach is most reliable when
the lower bound of the measured CI for E0/Km exceeds 0.001.
When the true E0/Km falls below this threshold, a condition
that is experimentally common in many Km-determination

Figure 3. Conceptual workflow for computing the ACI of Km: A1) Determine the confidence intervals (CIs) of relative systematic errors for enzyme and sub-
strate concentrations by measuring the spectroscopic signals of enzyme and substrate stock solutions from multiple preparations. A2) Perform a numerical
analysis of the regression stability of theoretical binding isotherms, incorporating the determined CIs of concentrations, over a wide range of E0/Km ratios.
B1) Construct a binding isotherm (“R vs S0”) based on the experimental MM plot (“v0 vs S0”). B2) Analyze the regression stability of the binding isotherm
developed in Step B1. C) Create an ACI graph of “regression stability vs E0/Km” using the results from Step A2, then apply the regression stability obtained
in Step B2 to the graph to determine the CI of the E0/Km ratio. D) Use the CI of the E0/Km ratio and the nominal E0 value to calculate the ACI of Km.
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experiments, the contribution of E0 to Km determination becomes
negligible.[19] In such cases, the ACI of Km is instead defined by the
CI of S0. This conclusion will be further validated in the program
verification section.

2.8. ACI Graphs and Practical Implications

In ACI-Km, we numerically analyze the stability of Km,det against
variations in E0 used for nonlinear regression, based on theoreti-
cal binding isotherms generated by (Equation 8) over a wide
range of E0/Km. The resulting graph, which depicts the depen-
dence of regression stability on E0/Km, is referred to as an ACI
graph (Figure 3C). Importantly, when incorporating experimen-
tally determined CIs for the relative systematic errors in concen-
trations, the relationship between regression stability and E0/Km is
represented as an area rather than a single line, as shown by the
gray region in the ACI graph (Figure 3C). For a binding isotherm
derived from an experimental MM plot (“v0 vs S0”), its regression
stability can be calculated for the same E0 variations used to con-
struct the ACI graph. By plotting the experimental regression sta-
bility onto the ACI graph, we can determine the CI for E0/Km,
which is then used to compute the ACI of Km (Figure 3C,D).
Because only systematic concentration uncertainties are consid-
ered here, the resulting ACI corresponds to its narrower limit.

2.9. Advancement of Graphical Approach

Although several well-established strategies based on Monte
Carlo or Bayesian analysis exist for numerical error propagation
in Km determination,[33,48–51] we adopt the “graphical” approach
here to intuitively demonstrate how systematic errors in variables
can be amplified by a factor of E0/Km when propagated into the
systematic error of Km,det. This visualization provides researchers
with a practical framework to estimate howmuch lower E0 should
be to achieve the desired accuracy in Km,det. If the lowest feasible
E0 has already been utilized, further improvements in Km,det accu-
racy may necessitate the use of an instrument with a lower LOQ
for the product. Notably, the similarity between the ACI obtained
using this graphical approach and that from the Monte Carlo
method has been confirmed in our previous work on ACI-Kd.[18]

2.10. ACI-Km Web Application

To ensure universal accessibility for calculating the ACI of Km, we
have integrated this functionality into the ACI webapp
(https://aci.sci.yorku.ca). It is important to emphasize that the pri-
mary requirement for using the webapp to compute the ACI of Km
is that v0,max must be experimentally achieved with an excessively
high S0. By inputting the experimentally obtained MM plot “v0
versus S0” into the ACI-Km webapp interface, the curve is auto-
matically converted into a binding isotherm “R versus S0” under
the assumption that v0 at the highest S0 corresponds to v0,max

(e.g., conversion from Figure S1C to Figure S1D, Supporting
Information). The webapp then generates a PDF report that pro-
vides the ACI and PCI of Km for three confidence levels: 68.3%,

95.5%, and 99.7% (e.g., Figure S2, Supporting Information). In this
study, we primarily focus on the ACI and PCI at 68.3% confidence
for demonstration purposes.

2.11. Verification and Demonstration of ACI-Km

In this study, we verify the ACI-Km workflow by demonstrating its
ability to produce results that align with theoretical expectations.
Since the true values of key parameters, such as Km, E0, S0, and
their associated errors, are fundamentally unknown and
uncontrollable in real experimental scenarios, the data of real
experiments cannot be effectively used for the verification of
ACI-Km. Therefore, we utilized computer-simulated data with
well-defined, controllable variables and parameters. This
approach enabled us to validate the workflow’s accuracy and
showcase the practical application of ACI-Km. The details of
the simulations and data processing are provided in Note S4
(including Figures S1 and S2, Supporting Information).

In the simulations, we defined a set of rate constants (k1, k–1,
and k2) resulting in Km = 1 μM. Reaction progress curves (“P vs
time”) were generated for a wide range of nominal E0 values
(0.005, 0.01, 0.05, 0.1, and 0.5 μM) and a given range of nominal
S0 values (0.01, 0.033, 0.1, 0.33, 1.0, 3.3, 10, 33, 100, 333, and
1000 μM). Given that the validity of the QSSA is widely accepted
when E0 < S0 þ Km,[52] we did not further increase the nominal
enzyme concentration in this study. Systematic errors were intro-
duced with two combinations: i) ΔE0/E0 = 0.2 and ΔS0/S0 = –0.2
and ii) ΔE0/E0 = �0.2 and ΔS0/S0 = 0.2. A normally distributed
relative random error of 1% was applied to the product concen-
trations in the synthetic progress curves. Representative synthetic
reaction progress curves are shown in Figure S1A, Supporting
Information. The initial linear phases of the simulated progress
curves were analyzed to determine the v0 for different nominal
S0 at each nominal E0 (e.g., Figure S1B, Supporting Information).
From these data, the MM plots “v0 vs S0” were constructed for
each E0 and a combination of systematic errors in E0 and S0
(e.g., Figure S1C, Supporting Information).

The ACI-Km webapp was used to compute the PCI and ACI of
Km for each condition. As explained in our previous work,[18] to
ensure that the ACI (with 68.3% confidence level) includes the
true Km, the minimum relative random errors for E0 and S0 should
be δE0/E0 = |ΔE0/E0|/1.36 and δS0/S0 = |ΔS0/S0|/1.36, which leads
the input δE0/E0 = δS0/S0 = 0.2/1.36 = 0.15. To validate the ACI-
Km workflow, we entered the nominal E0 values, the correspond-
ing relative random errors, and the MM plots data (derived from
analysis of the simulated progress curves) into the webapp
(https://aci.sci.yorku.ca). If both the webapp and ACI-Km method
perform as expected and there are no systematic errors in R val-
ues, the true Km should fall at or near one of the boundaries of the
computed ACI of Km (with 68.3% confidence), depending on the
specific combination of errors introduced during the simulation
of progress curves.

Figure 4 summarizes the comparison between the true/input
Km and the ACI and PCI of Km, calculated from simulated data
using ACI-Km. It is important to note that the PCI at 68.3%
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confidence corresponds to the interval [Km,det � σ, Km,det þ σ],
where Km,det represents the determined Km value and σ corre-
sponds to its SE, as typically reported by software such as
GraphPad Prism or Origin. The results presented in Figure 4 align
well with our four theoretical predictions: i) when E0 << S0 þ Km
(e.g., E0/(S0 þ Km)< 0.1) is satisfied for all S0 used in the simulation
(i.e., E0 ≤ 0.1 μM), the true Km lies near or at the boundary of the
computed ACI for Km; ii) when E0> 0.1 μM, the true Km shifts away
from the ACI boundary, likely due to difficulties in accurately mea-
suring v0 from the initial linear phase of the progress curve, which
introduces unquantifiable systematic errors into the calculated R
values[53]; iii) as E0 increases, the ACI tends to widen due to the
magnification of systematic errors, as predicted by (Equation 10)
and (12) ; and iv) ACI of Km is often much wider than PCI of Km.

The results in Figure 4 suggest that when the condition E0 <
S0 þ Km is satisfied for all experimental S0, and CIs for systematic
errors in concentrations are accurately estimated, the ACI-Km
method can compute the ACI that includes the true value of
Km. Even if this condition is not strictly met for some data points,
calculating the ACI remains informative, although in this case it
corresponds only to the narrower limit. A wide ACI at the experi-
mental E0 can serve as an indicator for experimentalists to refine

their experimental conditions, such as reducing the enzyme con-
centration to improve accuracy. Notably, the PCI is often signifi-
cantly narrower than the ACI, meaning that relying solely on the
PCI can result in a substantial underestimation of the uncertainty
in Km, potentially causing inaccurate under- or overestimation
of Km. This underscores the importance of incorporating the
ACI in Km characterization to provide a more accurate represen-
tation of the true uncertainty.

Further analysis reveals that when the ratio of nominal E0 to the
true Km was ≤ 0.01, the ACI of Km closely matched the range from
0.8Km,det to 1.2Km,det (Figure 4), which could be determined solely by
setting δS0/S0= 0.15 while neglecting errors in E0 (i.e., setting δE0/
E0= 0) (Note S5, Supporting Information). This finding suggests
that for E0/Km ≤ 0.01, the ACI of Km is primarily dictated by the
relative systematic error in the substrate concentration (|ΔS0/S0|).
For instance, at a 68.3% confidence level, the ACI is given by
[Km,det(1–1.36 δS0/S0), Km,det(1þ 1.36 δS0/S0)] (Note S5 and Figure
S3, Supporting Information). This effect arises because, at very
low E0/Km ratios, the contribution of the relative systematic error
in E0 (|ΔE0/E0|) to the overall systematic error in Km,det becomes neg-
ligible. This behavior is evident from (Equation 10) or (12) and the
corresponding expressions for the coefficients a and α provided in
Note S2, Supporting Information. Furthermore, this observation sug-
gests that while the direct calculation of ACI of Km from the ACI
graph is not feasible when the lower bound of the CI for E0/Km falls
below 0.001 due to the limited sensitivity of Km, det to the E0 values
used in fitting, the ACI of Km can still be estimated. Specifically, Km,det

can be determined by fitting the binding isotherm “R versus S0”
(derived from the experimental MM plot) using (Equation 8), after
which the ACI of Km can be computed as [Km,det(1�NδS0/S0), Km,

det(1þNδS0/S0)], where N takes values of 1.36, 2.27, and 3.18 for con-
fidence levels of 68.3%, 95.5%, and 99.7%, respectively (confirmed in
Figure S3, Supporting Information).[18]

Based on these findings, we have improved the ACI-Km
webapp with the following updates. When the lower bound of
the CI for E0/Km ≥ 0.01, the ACI of Km is calculated using the
ACI-Km workflow as shown in Figure 3. When the lower bound
of the CI for E0/Km< 0.01, the ACI-Km webapp first determines
Km,det by fitting the converted binding isotherm using
(Equation 8) . The ACI of Km is then computed using the equation
above, i.e., [Km,det(1�NδS0/S0), Km,det(1þNδS0/S0)]. Note that,
regardless of E0/Km, the PCI can always be calculated based on
the fitted Km,det, and its standard deviation (σ).

2.12. Application of ACI-Km to Experimental Data

After verifying and updating the ACI-Km webapp, we utilized it to
evaluate the ACI and PCI of experimentally determined Km values.
To demonstrate its applicability in Km determination, we first
applied ACI-Km to a published dataset for the enzyme–substrate
pair AnaAT–acetyl-coenzyme A. Additionally, we performed an
experiment using lactate dehydrogenase (LDH) with pyruvate
as the substrate and NADH as a co-substrate. The ACI-Km pro-
gram was then employed to analyze our experimental data, fur-
ther illustrating its effectiveness in estimating reliable Km,det.

Figure 4. PCI and ACI determined using ACI-Km for two sets of MM plots
derived from the simulated kinetic data under different conditions: A) ΔE0/
E0= 0.2 and ΔS0/S0=�0.2, with nominal E0 values of 0.005, 0.01, 0.05, 0.1,
and 0.5 μM and B) ΔE0/E0=�0.2 and ΔS0/S0= 0.2, with nominal E0 values
of 0.01, 0.05, 0.1, and 0.5 μM. For both cases, δE0/E0= δS0/S0= 0.15 was
input into the ACI web app (https://aci.sci.yorku.ca) to calculate both the
ACI and PCI of Km.
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To assess the effectiveness of ACI-Km in Km determination, we
first applied it to a published dataset for the enzyme–substrate
pair AnaAT–acetyl-coenzyme A from Yin et al. published in
2008.[54] This dataset represents a case where conventional MM
and Lineweaver–Burk models were unsuitable, whereas the
ACI-Km program based on the binding isotherm model
((Equation 8)) can provide a more accurate framework for analysis.

In the published experiment, the enzyme concentration
[AnaAT]0 (E0) was 0.01 μg μl�1. The molecular weight of AnaAT
was determined to be 43 kDa using size-exclusion filtration, cor-
responding to a nominal enzyme concentration of �0.23 μM.[54]

Substrate concentrations [acetyl-coenzyme A]0 were varied at 0,
5, 10, 20, 50, 200, 500, and 1000 μM. By analyzing the product
formation rate under each condition, experimental progress
curves “P versus time” were generated, from which the MM plot
“v0 versus S0” was established (Figure 5A). The MM plot was then
transformed into a Lineweaver–Burk plot “1/v0 versus 1/S0”
(Figure 5B) to find Km,det, yielding a value of 96 μM without uncer-
tainty being reported.

The Lineweaver–Burk plot is a linearized transformation of
the MM plot, which assumes E0 << Km.[47] If the E0/Km ratio is
sufficiently small, the contribution of E0 to Km determination is
considered negligible, resulting in an approximately linear
Lineweaver–Burk plot. However, as shown in Figure 5B, the plot
deviated significantly from linearity, suggesting that this

assumption was not valid. This observation highlights the risks
of simply assuming E0/Km is small enough to disregard E0 in
Km determination without verification.

To address this limitation, we applied ACI-Km to calculate the
ACI and PCI of Km for AnaAT–acetyl-coenzyme A using the same
published dataset. Unlike the conventional MM or Lineweaver–
Burk approach, ACI-Km employs the binding-isotherm model
((Equation 8)), which is derived from first principles without exclud-
ing E0 from the fitting equation. As shown in Figure 5A, the
experimental MM plot approaches the plateau region at the high-
est substrate concentration ([acetyl-coenzyme A]0= 1000 μM),
indicating that the measured v0 at this condition was nearing
v0,max. This saturation suggests that the necessary conditions for
applying the binding-isotherm model were satisfied, supporting
the validity of using ACI-Km for Km determination.

To utilize the ACI-Km program, we needed to account for the
uncertainty in the accuracy of reagent concentrations. Since the
original study did not report the systematic uncertainties associ-
ated with enzyme and substrate concentrations, we estimated
the lower CI limits for their relative systematic errors to perform
the ACI calculations. Systematic errors in enzyme concentration
can arise from factors such as pipetting inaccuracies, dilution
errors, sample impurities, and adsorption to surfaces, which
are particularly significant at low enzyme concentrations.[55]

Consequently, even under rigorous efforts to minimize these

Figure 5. Application of ACI-Km to a retrospective Km-determination dataset for the anaAT–acetyl-coenzyme a pair. A) Experimental MM plot "v0 versus
[pyruvate]0" fitted using the MM model. B) Lineweaver–Burk transformation of the pseudosteady–state curve “1/v0 versus 1/[pyruvate]0” fitted with the
linear Lineweaver–Burk model. C) ACI graph (68.3% confidence) generated by ACI-Km, from which the PCI of Km was determined as 41–63 μM, and the
ACI of Km as 54–71 μM. (Panels A and B are adapted from Figure 6D in ref. [54]).
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errors, the standard deviation for the CI of |ΔE0/E0| is unlikely to be
below 10%.[56]

Since substrate concentrations typically span a higher range,
from micromolar to millimolar levels, the associated inaccuracies
from mass weighing, sample adsorption, serial dilution, and
related sources are generally expected to be lower than those
encountered in enzyme solution preparation. Nevertheless,
due to inherent systematic uncertainties in mass and volume
measurements during sample preparation, reducing the standard
deviation for the CI of |ΔS0/S0| to below 5% remains challeng-
ing.[57] Therefore, in this study, we assigned relative standard
deviations of 10% and 5% to the CIs of |ΔE0/E0| and |ΔS0/S0|,
respectively, for calculating the narrower limit of the ACI of Km.
The same values were subsequently applied in the analysis of
the other experimental datasets.

By inputting the published dataset, the nominal enzyme con-
centration of 0.23 μM, and the proposed relative standard devia-
tions for |ΔE0/E0| and |ΔS0/S0| (10% and 5%, respectively) into the
ACI-Km webapp, the ACI and PCI for Km were computed based on
the numerically established ACI graph (i.e., Figure 5C). At a 68.3%
confidence level, the ACI and PCI for Km were determined to be
54–71 and 41–63 μM, respectively. Both intervals have similar
widths and show substantial overlap, but the ACI provides a more
statistical significance. The ACI estimate indicates that the accu-
rate Km value for AnaAT–acetyl-coenzyme A falls within the range
of 54–71 μM with 68.3% confidence, which is substantially lower
than the originally reported 96 μM, which was determined using
the linearized MM model, specifically the Lineweaver–Burk plot.

In our previous study, we numerically demonstrated that
employing a simplified fitting model, such as the Kd fitting model
(mathematically analogous to the conventional MM equation)
incorrectly assuming the ligand concentration to be negligible
in Kd determination, can result in an overestimation of the Kd
value.[23] The present experimental results for Km determination
further support this concept, confirming that a similar bias arises
when using a simplified model, specifically the conventional MM
equation, for Km determination. This finding underscores the
value of integrating Kd and Km studies, for instance, by employing
a unified binding-isotherm model for both Kd and Km

determinations, to facilitate cross-applicability and methodologi-
cal consistency between these areas.

To further explore the application of the ACI concept in Km
determination, we conducted an experiment using lactate dehy-
drogenase (LDH) and pyruvate as the enzyme–substrate pair,
with NADH as a co-substrate. In this experiment, the conversion
of NADH to NADþ was monitored by measuring the decrease
in absorbance at 340 nm, reflecting the rate of product formation.
In this experiment, a nominal enzyme concentration of
[LDH]0= 0.87 nM was used. The progress curves “P versus time”
were recorded at initial pyruvate concentrations ([pyruvate]0),
from 23 to 2000 μM in 1.5-fold increments. From the recorded
progress curves, we determined v0 for product formation at each
pyruvate concentration, which resulted in the MM plot “v0 versus
[pyruvate]0” (Figure 6A). More experimental details are provided
in Note S6, including Figure S4, Supporting Information. For com-
parison purposes, the fitting line to the MM plot using the MM
equation is shown in Figure 6A, yielding a determined Km,det of
68� 4 μM (PCI: 64–72 μM) and a v0,max of (12.4� 0.2)� 10�4 s�1.
The agreement between the predicted v0,max and the measured v0
((12.3� 0.3)� 10�4 s�1) at the highest initial pyruvate
concentration ([pyruvate]0= 2000 μM) confirms the applicability
of ACI–Km to this experimental MM plot.

The MM plot was analyzed using the ACI-Km program to com-
pute the ACI and PCI of Km for LDH–pyruvate. To determine the
lower limit of the ACI for Km, we assigned standard deviations of
10% and 5% to the CIs of |ΔE0/E0| and |ΔS0/S0|, respectively, as
previously described in the section on retrospective data.
Although the lower bound of the CI for E0/Km fell below 0.001,
the updated ACI-Km webapp successfully estimated the ACI of
Km as 62–70 μM, which was slightly wider than the PCI of
63–69 μM, both at 68.3% confidence (Figure 6B). Notably, at such
an extremely low E0/Km ratio, when v0,max is experimentally mea-
sured, the PCI ranges determined by both the MMmodel and the
binding-isotherm model closely agree, as theoretically expected.
It is important to emphasize that, for the purpose of demonstrat-
ing the ACI-Km application, this ACI represents only its lower
bound. This assumes negligible systematic uncertainty in the
measured signals (ΔR/R) and the absence of significant “true”

Figure 6. Application of the binding-isotherm model and ACI-Km to a Km-determination experiment using LDH–pyruvate as the enzyme–substrate pair.
A) Experimental MM plot "v0 versus [pyruvate]0” with an MM fit. B) Transformation of the MM plot into the binding-isotherm plots, fitted using the binding-
isotherm model ( (Equation 8) ) to compute the PCI and ACI of Km under conditions where the E0/Km ratio is lower than 0.001.
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systematic errors in reagent concentrations or measured signals
resulting from improper experimental practices.

3. Discussion

3.1. Comparative Considerations for ACI-Km and ACI-Kd

A key distinction between ACI-Km and ACI-Kd lies in their theo-
retical foundations. ACI-Km is rooted in the MM framework and
therefore inherits the assumptions of the QSSA. By contrast, ACI-
Kd is free of such constraints, as equilibrium dissociation con-
stants are derived from binding isotherms that depend solely
on the reversible equilibrium between ligand and target, without
invoking QSSA. As a result, ACI-Kd quantifies systematic uncer-
tainties without additional assumptions, whereas ACI-Km does
not. This distinction explains why a broadened ACI produced
by ACI-Km may serve only as a qualitative diagnostic warning
sign when QSSA validity is in doubt, while ACI-Kd remains robust
across the full range of binding experiments.

Unlike Kd determination, where the experimentally used
ligand concentration is sometimes significantly higher than the
true Kd due to the instrument’s high LOQ values,[18,24] achieving
E0/Km< 1 is generally more feasible, as commonly studied Km val-
ues (within the micromolar range) are usually much larger than
typical Kd values (in the picomolar to nanomolar range).
Nevertheless, calculating the ACI of Km remains crucial, as our
study indicated that obtaining an accurate Km depends on satis-
fying the condition E0/Km < a/b (Figure 2B) rather than E0/Km < 1.
Since the parameters a and b are defined by the relative system-
atic errors of the variables (Note S2, Supporting Information), the
ratio a/b can be significantly less than unity if the variables are
subject to large systematic errors, which is possible in Km deter-
mination.[24,58,59] Consequently, a wide ACI may still be obtained
even when E0/Km< 1. In such cases, experimentalists may need to
further reduce E0 to achieve a narrower ACI for Km that aligns with
the accuracy required for their specific enzymatic application.

Finally, similar to ACI-Kd, the reliability of Km values derived
from ACI-Km depends on practical assumptions, including mini-
mized systematic errors in reagent preparation and the validity of
the regression model. While these assumptions are typically met
in well-controlled experiments, even when they are not fully sat-
isfied, the ACI framework still produces a robust lower-bound esti-
mate of systematic uncertainty. This ensures that ACI remains a
valuable diagnostic tool for assessing the minimal confidence
limits of Km under realistic experimental conditions.

3.2. Limitations of ACI-Km

The applicability of ACI-Km, like that of the MM equation itself, is
bounded by the assumptions of the QSSA on which the MM
model is based. The framework quantifies accuracy within this
mathematical regime, which assumes that enzyme concentration
is much lower than the combined substrate and Michaelis con-
stant (E0 << S0 þ Km) and that the enzyme–substrate complex

forms rapidly relative to turnover (k–1 þ k2 >> k1(E0 þ S0)).
These conditions need not be verified a priori, but significant
deviation from themmanifests as broader ACI intervals, reflecting
reduced numerical identifiability of Km within the MM model. In
this sense, ACI-Km not only quantifies accuracy but also serves as
a diagnostic indicator of possible violations of the steady-state
assumption.[32,60,61]

ACI-Km does not correct systematic errors in the experimental
variables. It quantifies how residual systematic uncertainties in
concentrations propagate, and may be amplified, into the deter-
mined Km values. In its present form, the framework treats
concentration-related sources, primarily ΔE0/E0 and ΔS0/S0, and
only to a limited extent ΔR/R when a credible confidence interval
for the experimental signals can be specified. Other systematic
biases, such as instrument calibration drift, baseline instability,
temperature variation, pipetting inaccuracy, and detector nonlin-
earity, lie outside the quantitative scope of ACI-Km. These must
be minimized by calibration and rigorous protocols before apply-
ing the analysis, so that the intervals reported by ACI-Km reflect
residual concentration-related uncertainties rather than avoid-
able experimental artifacts.

Passing the ACI test does not prove that the result is correct.
A narrow ACI only indicates that, under the assumed model and
the user-supplied CIs for concentration errors, the propagation to
Km,det is limited. It does not exclude unmodeled sources of bias,
model misspecification, or violations of the QSSA. In this sense,
ACI-Km functions as a test for badness rather than a test for good-
ness. A wide ACI is an actionable warning of potential inaccuracy
or model breakdown, whereas a narrow ACI indicates only the
absence of such diagnostic warnings and should be interpreted
together with independent checks of assumptions and experi-
mental controls.

The same diagnostic logic applies to precision metrics. A nar-
row PCI or SE reflects low random variability under the chosen
model but does not guarantee reproducibility or freedom from
unmodeled random uncertainties. Likewise, a narrow ACI does
not confirm the correctness of Km,det, only that the propagation
of the specified systematic uncertainties is limited. Both ACI and
PCI should therefore be interpreted as tests for badness rather
than proofs of goodness, serving complementary roles in identi-
fying potential weaknesses in experimental design and data
reliability.

Despite this inherent diagnostic value, ACI-Km still has several
limitations that we plan to address in future work. First, applying
the binding-isotherm model (Equation 8) requires that the satu-
ration condition (S0 >> Km) be achieved at the highest substrate
concentration to directly estimate v0,max. In practice, this condi-
tion should be verified experimentally by confirming that the
reaction rate approaches a plateau at the highest substrate con-
centration, indicating that v0,max has been reached or closely
approximated. In some assays, this may be infeasible due to
substrate solubility limits. Although one might consider using
a fitting model that estimates Km and v0,max simultaneously,
increasing the number of fitted parameters typically compro-
mises the accuracy of the key parameter of interest,[25,26] Km
in this case. Second, ACI-Km currently neglects systematic
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uncertainties in R values, since typically only random errors are
accessible, owing to the lack of a reliable method for their deter-
mination. Establishing a systematic approach to quantify and
incorporate these uncertainties into ACI calculations will be an
important goal for future work. It should also be emphasized that
applying ACI-Km requires prior elimination of genuine systematic
errors in concentrations and signals, such as those arising from
improper instrument calibration, baseline drift, or reagent impu-
rities, through optimized experimental protocols or mathematical
corrections. The systematic uncertainties considered in ACI-Km
should therefore reflect only the unavoidable residual systematic
errors that cannot be fully eliminated. Third, although accounting
for systematic uncertainties in experimental variables broadens
the uncertainty range of the determined Km, it does not directly
resolve ranking errors that arise when catalytic efficiencies (k2/Km)
are compared using values derived from single-point Km esti-
mates (e.g., Figure 1A). Broader ACIs can make enzyme rankings
indistinguishable through overlap; critically, such overlap signals
the need to improve experimental conditions (e.g., lowering E0)
and the accuracy of concentration and signal measurements
before drawing conclusions. Such precautions are crucial to avoid
costly misinterpretations in both academic studies and industrial
applications.

4. Conclusions

In this work, we established the mathematical parallels between
Km and Kd determinations, showing that both can be described by
a unified binding-isotherm model (Equation 8). This framework,
which requires a reliable determination of v0,max under substrate
saturation, enables methodologies developed for Kd accuracy to
be applied directly to Km. Building on this, we reiterated the ACI
workflow (Figure 3), verified its use for Km (Figure 4), and incor-
porated ACI-Km functionality into the ACI webapp (https://aci.sci.
yorku.ca), extending applicability across the full E0/Km range. The
webapp was validated with synthetic data and demonstrated
in real Km-determination experiments. Retrospective analysis of
published datasets revealed that conventional MM or
Lineweaver–Burk analysis can overestimate Km even when E0 <<
S0 þ Km is satisfied. Finally, we introduced a strategy for
computing ACI of Km under the condition of E0/Km ≤ 0.01, where
Km,det is insensitive to E0, and successfully applied it to the
LDH–pyruvate system.

Despite its benefits, ACI-Km still faces several limitations,
including the difficulty of achieving substrate saturation at high
S0, the lack of a systematic method to incorporate systematic
uncertainties in R values, and unresolved ranking errors in catalytic
efficiency (k2/Km) when based on single-point Km estimates. While
ACI-Km represents a significant step toward quantitative accuracy
assessment in enzyme kinetics, it remains an evolving diagnostic
framework. Its current form quantifies only concentration-related
systematic uncertainties and should be interpreted as a diagnostic
aid for identifying and mitigating potential inaccuracies (e.g., from
stock solution errors or QSSA violations), rather than as a universal
solution. Addressing these issues will be an important direction for

future work. With its advances, ACI-Km, when combined with PCI
assessment, has the potential to become a powerful framework for
more accurate and reliable enzyme kinetics. Beyond reducing mis-
interpretations in fundamental research, this approach may also
provide useful guidance for enzyme engineering, inhibitor screen-
ing, and metabolic modeling in academic settings and offer prac-
tical value for improving reliability in bioprocess optimization and
drug development.

5. Experimental Section

Materials and Solutions

Both the NADH disodium salt and pyruvate acid sodium salt were
purchased from Carl Roth GmbH þ Co. KG (Karlsruhe, Germany).
The lactate dehydrogenase (LDH) from rabbit muscle was purchased
from Merck KGaA (Darmstadt, Germany). PBS buffer was obtained
from Carl Roth GmbH þ Co. KG (Karlsruhe, Germany). All solutions
were prepared in the PBS buffer.

Kinetic Assays

The kinetic assays were performed in flat-bottom 96-well plates
(Greiner Bio-One GmbH, Frickenhausen, Germany) using a microplate
plate reader (Tecan Infinite M200Pro, Tecan, Männedorf, Switzerland).
All measurements were performed in a final volume of 200 μL at
23 °C. The experiment was performed with an LDH concentration
of 0.87 nM. The concentration of NADH was kept constant at
500 μM in all experiments. The pyruvate concentration was varied
from the lowest nonzero concentration of 23 to 2000 μM in 1.5-fold
increments, resulting in 13 data points, including one at 0 μM. After
the addition of pyruvate, the 96-well plate was immediately placed in
the microplate reader, and the formation of NADþ was measured at
340 nm every 10 s for a total of 490 s. The values of v0 were deter-
mined from the change in NADþ concentration within the first
250 s and used to generate MM plots (“v0 vs [pyruvate]0”). All meas-
urements were performed in triplicate.
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Note S1: Simulated enzyme ranking experiment and comparison between the
true ranks and the determined ranks

To simulate a simple enzyme–substrate ranking experiment, we developed a Python script
(rankingKmSim.py, available at https://doi.org/10.6084/m9.figshare.26961733) that generates synthetic
progress curves and analyzes them using conventional data-analysis procedures. Specifically, the script: (i)
simulates progress curves of product concentration (P) versus time (t) by numerically solving the system
of ordinary differential equations that describe the reaction mechanism outlined in eq S1,
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based on user-specified parameters including the kinetic rate constants k1, k–1, and k2, as well as the initial
enzyme concentration (E0) and initial substrate concentration (S0); (ii) calculates the initial reaction velocity
(v0) for each S0 at a fixed E0, based on the slope of the simulated progress curve; (iii) constructs a Michaelis–
Menten (MM) plot of v0 versus S0; and (iv) fits the MM plot to the classical MM equation (eq S2),
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using a least-squares approach to determine the apparent Michaelis constant (Km,det) and estimate the
maximum initial reaction velocity (v₀,max).

The experiment included 10 enzyme–substrate pairs, labeled “pair 01” through “pair 10,” each assigned
known kinetic parameters with input (true) Km values ranging from 50 to 230 µM in 20 µM increments. For
all pairs, k2 = 10 µM–1s–1, k–1 = 100 s–1, and E0 = 10 µM. For each pair, ten substrate concentrations were
chosen to span a logarithmic range from 0.1Km to 10Km, ensuring appropriate sampling across the MM
curve.

To reflect realistic experimental conditions, systematic errors were introduced: relative errors of ΔE0/E0

= 0.2 and ΔS0/S0 = 0.2 were applied to enzyme and substrate concentrations, respectively. Additionally,
Gaussian noise (2% of signal) was added to the simulated progress curves. Each enzyme thus had 10
progress curves, each corresponding to a different S0, spanning an 80-second time window sampled at 1-
second intervals.

Initial reaction velocities (v0) were extracted by fitting a straight line to the early, linear portion of each
progress curve, defined as the region preceding 10% substrate depletion. Linearity of these fits was
confirmed visually. The resulting S0 versus v0 data were analyzed using the standard MM equation (eq S2)
via unweighted least-squares regression in Python (equivalent to use the commercial data-analysis software,
e.g., GraphPad Prism and Origin) to obtain estimates of Km and v0,max, along with their standard errors. k2

was then computed from the estimated v0,max and known E₀ (with systematic error) using eq S3:
0,max

2
0

v
k

E
 (S3)
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Catalytic efficiencies (k2/Km) were then calculated, and the enzyme–substrate pairs were ranked based on
the calculated catalytic efficiencies and compared to rankings based on the true input parameters.

The script also computed the relative systematic error in determined Km (|ΔKm/Km|) and plotted it against
the true value of E0/Km (Figure 1B in the main text). All simulation parameters, numerical settings, and
fitting procedures are fully documented in rankingKmSim.py. Final ranking results are presented in
Table S1, where a rank of #1 corresponds to the highest catalytic efficiency.

As shown in Table S1, when experimental variables, such as reactant concentrations, are subject to
realistic systematic errors, and when the MM plots do not extend sufficiently into the saturation region (i.e.,
the plateau), classic Km-determination experiments become vulnerable to enzyme mis-ranking. Such mis-
ranking can lead to significant misinterpretation of catalytic performance, potentially compromising
downstream decisions in enzyme selection and optimization.

Table S1. True versus determined catalytic-efficiency rankings.
Rank Number (#1 = Highest) True Ranking Determined Ranking
#1 pair_01 pair_04
#2 pair_02 pair_03
#3 pair_03 pair_06
#4 pair_04 pair_05
#5 pair_05 pair_02
#6 pair_06 pair_08
#7 pair_07 pair_07
#8 pair_08 pair_09
#9 pair_09 pair_01
#10 pair_10 pair_10

Note S2: Dependencies of the coefficients on the relative systematic errors of
variables

The detailed dependencies of coefficients a and b, as well as , , and  on |ΔT0/T0|, |ΔL0/L0|, and |ΔR/R|
were presented in our previous work on Kd determination.[1] In this study, due to the mathematical similarity
between Kd and Km determinations, we can extend these results by replacing |ΔT0/T0| and |ΔL0/L0| with
|ΔS0/S0| and |ΔE0/E0|, respectively. This substitution allows us to derive the dependencies of a, b, , , and
 on |ΔS0/S0|, |ΔE0/E0|, and |ΔR/R|.

By defining the relative systematic errors in S0, E0, and R as |ΔS0/S0| = s, |ΔE0/E0| = e, and |ΔR/R| = r, the
following dependencies can be obtained:
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Note S3: Determination of the relative systematic errors in concentrations that
define the ACI of Km with different confidence levels

Eq 6 in the main text shows that:

0 0
m

(1 )
(1/ 1)
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
(S5)

When the error sources of S0, E0, and R are fully correlated, the maximum systematic error of Km can be
calculated with the error propagation rule:[1-2]

m m m
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(S6)

However, when calculating the systematic error in Km propagated from the specific systematic errors of
variables, which may have different signs and result in ΔKm with varying signs, it is important to use the
formula without applying absolute values:[1, 3]

m m m
m 0 0

0 0

K K KK S E R
S E R

                       
(S7)

Note that, for uncorrelated error sources of S0, E0, and R, we can also use eq S7 to find the relative systematic
errors in variables that define the ACI of Km at various confidence levels.

Applying the error propagation rule eq S7 to eq S5 yields the following result:
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(S8)

By solving eq S5 for S0, we obtain:

0 m 0(1/ 1) (1 )S R K R E    (S9)
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To derive a closed-form solution for error propagation in eq S8, it is essential to focus on a single data point
by fixing R. In this case, we focus on the scenario where the determined value of R is 0.5 with a systematic
error ΔR, which approximates the least erroneous case.[1-2, 4] The actual value of R is then given by:

0.5R R  (S10)

and accordingly, eq S9 is converted to:
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Dividing both sides of eq S8 by Km yields:
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which can be rewritten as:
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By inserting eqs S10 and S11 into eq S13, we obtain:
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To express ΔR through the relative systematic error of R (i.e., ΔR/R), we have:
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Finally, substituting eq S15 into eq S14 gives:
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If we define Km,det and Km as the experimentally determined and true (unknown) Km values, respectively, by
incorporating the definition of the systematic error of Km (i.e., Km = Km,det – Km) into eq S16, we obtain:
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If the guidelines from our previous work for minimizing systematic concentration errors are strictly
followed, we can reasonably assume that the confidence intervals for ΔS₀ and ΔE₀ are governed by
normally-distributed random errors in the stock solution concentrations, denoted as δS₀ and δE₀.[2, 5] In
contrast, at this point, we have not established a quantitative method for assessing the confidence interval
of ΔR.[2, 5] Therefore, in the absence of input data for ΔR, we will focus solely on the systematic errors of
S₀ and E₀, disregarding ΔR, to derive narrower confidence intervals for Km at the specified confidence levels.
Under these conditions, eq S17 simplifies as follows (with ΔR/R excluded):
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m 0 0 m 0
0.5 1

K S E E S
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If we assume that the confidence levels for ΔE₀ and ΔS₀ are always identical, then to achieve a 68.3%
confidence level for Km, the confidence levels for both ΔE₀ and ΔS₀ should be equal to (68.3%)1/2, which is
approximately 82.6%. To determine the number of standard deviations needed to cover 82.6% of the
probability distribution for the concentrations of enzyme or substrate (centred around their nominal values),
we consulted the positive standard normal (Z-score) table.[6] As a result, we selected the intervals ΔE₀/E₀
 [‒1.36δE0/E0, 1.36δE0/E0] and S0/S0  [‒1.36δS0/S0, 1.36δS0/S0] as the confidence intervals for the
relative systematic errors of E₀ and S₀, respectively, to achieve a 68.3% confidence level for Km.
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Using the same approach, we determined that for a 95.5% confidence level of Km, the confidence
intervals for the relative systematic errors are ΔE₀/E₀  [‒2.27δE0/E0, 2.27δE0/E0] and S0/S0  [‒
2.27δS0/S0, 2.27δS0/S0]. For a 99.7% confidence level, the intervals expand to ΔE₀/E₀  [‒3.18δE0/E0,
3.18δE0/E0] and S0/S0  [‒3.18δS0/S0, 3.18δS0/S0].

Next, we need to determine the combinations of ΔE₀/E₀, ΔS₀/S₀ (and ΔR/R) that correspond to the relative
systematic errors in the variables, yielding the smallest and largest accuracy ratios, Km,det/Km. From eq S18,
we can infer that the accuracy ratio Km,det/Km is minimized when ΔE₀/E₀ is at the upper bound of its
confidence interval (i.e., 1.36δE₀/E₀) and ΔS₀/S₀ is at the lower bound (i.e., ‒1.36δS₀/S₀). Therefore, the
vectors {ΔE₀/E₀ = 1.36δE₀/E₀, ΔS₀/S₀ = ‒1.36δS₀/S₀} and {ΔE₀/E₀ = ‒1.36δE₀/E₀, ΔS₀/S₀ = 1.36δS₀/S₀} will
define the ACI for Km at a 68.3% confidence level through the error propagation of nonlinear regression.

A similar approach can be applied to identify the values of ΔE₀/E₀ and ΔS₀/S₀ that define the ACI for Km

at higher confidence levels, such as 95.5% and 99.7%.

Note S4: Verification and demonstration of ACI-Km using virtual Km-
determination experiments

In one set of Km-determination experiments, the enzyme at a constant concentration E0 is mixed with its
substrate at varying concentrations of S0 to allow enzymatic interactions and product formation. The
reaction progress curve, showing product concentration (P) versus reaction time, is recorded to determine
the initial reaction velocity (v₀). Then, the Michaelis-Menten (MM) plot “v0 vs S0” is analyzed to determine
Km,det.

We used the Python program rankingKmSim.py to model the Km-determination process. In the set of
simulations, we set k1 = 100 µM–1s–1, k–1 = 1 s–1, and k2 = 99 s–1, resulting in
Km = (k2 + k–1)/k1 = 1 µM. 1% random noise was added to the product concentrations in the generated data.
For each set of progress-curve simulations, the nominal total substrate concentration (S0) ranged from 1000
to 0.01 µM, decreasing in 3-fold increments to generate eleven progress curves of “P vs time”. Ten sets of
simulations were performed with nominal total enzyme concentrations (E0) fixed at 0.005, 0.01, 0.05, 0.1,
and 0.5 µM. Each nominal E0 value corresponded to two specific combinations of systematic errors in E0

and S0: one where ΔE0/E0 = 0.2 and ΔS0/S0 = –0.2, and another where ΔE0/E0 = –0.2 and ΔS0/S0 = 0.2. For
instance, when the nominal E0 was set to 0.01 µM, two sets of progress curves were simulated: in one case,
the inputted true E0 was set as 0.012 µM and the inputted true S0 varied from 800 to 0.008 µM, reflecting
relative systematic errors of ΔE0/E0 = 0.2 and ΔS0/S0 = –0.2. In the other case, the inputted true E0 was set
as 0.008 µM, and the inputted true S0 varied from 1200 to 0.012 µM, reflecting relative systematic errors
of ΔE0/E0 = –0.2 and ΔS0/S0 = 0.2.

In the following, we demonstrate the process of simulating progress curves and performing downstream
data analysis for a specific case: nominal E0 = 0.01 µM, nominal S0 ranging from 1000 to 0.01 µM, with
ΔE0/E0 = 0.2 and ΔS0/S0 = –0.2. The procedures for numerical simulations and data analysis in the other
nine cases followed a similar approach. As described in the previous paragraph, introducing a relative
systematic error of ΔE0/E0 = 0.2 to the nominal E0 and ΔS0/S0 = –0.2 to the nominal S0 resulted in true
E0 = 0.012 µM and true S0 ranging from 800 to 0.008 µM (11 different concentrations). These “true” values
were used as inputted parameters in the rankingKmSim.py program. Representative simulated progress
curves are shown in Figure S1A. The linear regions of these 11 progress curves, corresponding to the 0.06–
0.14 s time range, were analyzed using linear fitting to determine the initial reaction velocity (v₀) for each
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nominal S0. Representative linear analyses are presented in Figure S1B, and the resulting MM plot, “v₀ vs
nominal S0”, for nominal E0 = 0.01 µM is shown in Figure S1C. The ACI-Km program automatically and
internally converts the dataset of “v0 vs nominal S0” into the binding isotherm “R vs nominal S0” (Figure
S1D) to calculate the PCI and ACI of Km at various confidence levels.

In our previous work (Wang et al., 2024),[2] we demonstrated that the true input value of Km should lie
near one boundary of the computed ACI for Km at a 68.3% confidence level when δE0/E0 = |ΔE0/E0|/1.36
and δS0/S0 = |ΔS0/S0|/1.36 are used as inputs in the ACI-Km program. To verify the ACI-Km program and
its associated web application (https://aci.sci.yorku.ca), we input the following parameters into the web app:
nominal E0 = 0.01, δE0/E0 = 0.2/1.36 = 0.15, δS0/S0 = 0.2/1.36 = 0.15, and the MM plot “v0 vs nominal S0”
(generated from simulated reaction progress curves). The web app then calculated the PCI and ACI of Km,
producing a PDF report (Figure S2). As shown in the report, the true Km = 1 µM is located at the lower
boundary of the ACI of Km at the 68.3% confidence level, consistent with the theoretical prediction.
Verification was subsequently extended to nine additional simulated datasets with varied nominal E0 values
and different combinations of relative systematic errors in E0 and S0. A summary of the results from these
validation processes, conducted using synthetic data, is presented in Figure 4 of the main text.

Figure S1. Virtual Km-determination experiments and the downstream data analysis. A) Representative simulated
enzyme–substrate reaction progress curves generated using the Python program rankingKmSim.py. B) Linear fits of
the linear regions from the reaction progress curves shown in panel (A). C) MM plot (“v0 vs nominal S0”) derived
from the analysis of the simulated reaction progress curves. D) Binding isotherm (“R vs nominal S0”) converted from
the MM plot in panel (C) with the best fitting line using the binding-isotherm model (eq 15 in the main text). The R
values were calculated using eq 14 in the main text by setting the v0 obtained at the highest nominal S0 as v0,max. In this
demonstration, the nominal E0 was 0.01 µM, while the true E0 was 0.012 µM, incorporating a relative systematic error
of ΔE0/E0 = 0.2.

https://aci.sci.yorku.ca/
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Figure S2. Example of a PDF report generated by the ACI-Km webapp (https://aci.sci.yorku.ca).

https://aci.sci.yorku.ca/


S10

Note S5: Calculation of the ACI of Km at low E0/Km ratio
Since the sensitivity of Km,det to E0 values used in data fitting is insufficient for performing the proposed

regression-stability test when E0/Km < 0.001, an alternative approach is needed to compute the ACI of Km

for very small E0/Km values. Based on eq S4 and eqs 10 and 12 in the main text, we infer that for very small
E0/Km values, the contributions of systematic errors in E0 and E0/Km to the systematic error of Km,det are
negligible.

If we assume R values are only subject to random errors with no systematic error (r = 0), then the
systematic error in Km,det is solely determined by the systematic error in S0. This implies that for extremely
small E0/Km values, the ACI of Km can be defined by errors in S0 alone. Without contributions from E0/Km

or systematic error in E0, we propose that the ACI of Km can be estimated as [Km,det(1 − NδS0/S0),
Km,det(1 + NδS0/S0)], where N takes values of 1.36, 2.27, and 3.18 for confidence levels of 68.3%, 95.5%,
and 99.7%, respectively.[2]

To validate this proposition, we investigated the ACI of Km for E0/Km values ranging from 0.005 to 0.01
in increments of 0.001. Using the method described in Note S4, we simulated reaction progress curves for
these E0/Km values while introducing two specific combinations of systematic errors: (i) ΔE0/E0 = 0.2,
ΔS0/S0 = −0.2 and (ii) ΔE0/E0 = −0.2, ΔS0/S0 = 0.2. From these simulated reaction progress curves, we
derived the corresponding MM plots (“v0 vs S0”) and analyzed them using the ACI-Km webapp.

First, we confirmed that the computed ACI of Km using δE0/E0 = δS0/S0 = 0.15 was identical to that
obtained when only δS0/S0 = 0.15 (δE0/E0 = 0). This confirmed that the contribution of δE0/E0 to the ACI of
Km at very low E0/Km is negligible. Next, we compared the computed ACI of Km with the proposed formula,
[Km,det(1 − NδS0/S0), Km,det(1 + NδS0/S0)] for the confidence levels mentioned above (Figure S3). The results
in Figure S3 demonstrate strong consistency with our hypothesis, indicating that the ACI of Km for low
E0/Km (< 0.01) can be reliably computed using this alternative approach.
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Figure S3. Comparison of ACI calculated using ACI-Km and the proposed alternative approach. The ratio of nominal
E0 to the true Km values was varied from 0.005 to 0.01 in increments of 0.001. Two different combinations of
systematic errors were introduced into the synthetic data: A1, B1, C1) ΔE0/E0 = 0.2 and ΔS0/S0 = −0.2, and A2, B2,
C2) ΔE0/E0 = −0.2 and ΔS0/S0 = 0.2. Results were analyzed for three confidence levels: 68.3% (A1, A2), 95.5% (B1,
B2), and 99.7% (C1, C2).
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Note S6: Data analysis for the Km-determination experiment
Here, we demonstrate the data analysis process for the Km-determination experiment using a nominal

enzyme concentration of [LDH]0 = 0.87 nM. In this experiment, the enzyme concentration was fixed at
0.87 nM, while the pyruvate concentration was varied from the lowest nonzero concentration of 23 µM to
2000 µM in 1.5-fold increments, resulting in 12 experimental reaction progress curves. Representative
reaction progress curves are shown in Figure S4A. The linear regions of these 12 experimental progress
curves, corresponding to the time range of 0–250 s, were analyzed using linear fitting to determine the
initial reaction velocity (v0) for each nominal [pyruvate]0. Representative linear fits are presented in
Figure S4B, and the resulting data points of “v0 vs [pyruvate]0” are shown in Figure S4C, including one
data point with v0 = 0 s–1 at [pyruvate]0 = 0 nM.

The ACI-Km program automatically transforms the dataset of “v0 vs [pyruvate]0” into the binding
isotherm “R vs [pyruvate]0”. Figure S4D illustrates the binding isotherm derived from the experimental “v0

vs [pyruvate]₀” data points, along with the fitting line generated using the binding isotherm model (eq 8 in
the main text). In this study, reaction progress curve measurements were performed in triplicate under
identical conditions. Based on the linear fitting results of the triplicate progress curves, the average v0 (along
with its associated uncertainty) for each [pyruvate]₀ was calculated to construct the experimental MM plot,
“average v0 vs [pyruvate]0” (Figure 5A in the main text). This MM plot was then automatically converted
to a corresponding binding isotherm “average R vs [pyruvate]0” (Figure 5B in the main text) by the ACI-
Km program (https://aci.sci.yorku.ca) to compute the PCI and ACI of Km for various confidence levels. The
raw experimental data are provided in the supplementary file “Experimental_data.xlsx”
(https://doi.org/10.6084/m9.figshare.26961733).

https://aci.sci.yorku.ca/
https://doi.org/10.6084/m9.figshare.26961733
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Figure S4. Illustration of the data-analysis process for a Km-determination experiment in the LDH–pyruvate system.
A) Representative experimental reaction progress curves. B) Linear fits of the linear regions (for time period 0–250 s)
from the reaction progress curves shown in panel (A). C) Data points of the MM plot (“v0 vs [pyruvate]0”) derived
from the analysis of the reaction progress curves. D) Binding isotherm “R vs [pyruvate]0” generated from the MM
plot in panel (C), along with the best-fit line obtained using the binding isotherm model (eq 8 in the main text). The
R values were calculated using eq 7 in the main text by setting the v0 determined at the highest [pyruvate]0 as v0,max.
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