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Human lactate dehydrogenase A (hLDH-A) is a key enzyme in cancer-associated metabolic reprogramming,
catalyzing the reversible interconversion of pyruvate and lactate coupled with the NADH/NAD" redox pair. A
rigorous kinetic reference is therefore essential for the reliable evaluation of hLDH-A modulation, particularly in
the context of enzyme-based drug screening. In this study, the steady-state kinetics of hLDH-A were systemati-
cally characterized under physiological-like conditions by analyzing both forward and reverse reactions.

Apparent kinetic parameters were determined using the Michaelis-Menten model and Hanes-Woolf lineari-
zation, complemented by nonlinear fitting of untransformed data, while intrinsic kinetic constants were
extracted assuming an ordered sequential bi-bi mechanism. The results revealed a pronounced preference for the
pyruvate-to-lactate reaction, driven primarily by cofactor-dependent steps rather than substrate affinity. The
established kinetic framework was subsequently applied to the comparative evaluation of reference LDH in-
hibitors, enabling discrimination among competitive, non-competitive, and mixed inhibition mechanisms and
the determination of inhibition constants. In particular, oxamate exhibited competitive inhibition relative to
pyruvate, whereas galloflavin, gossypol, and FX11 exhibited predominantly non-competitive behavior. NHI-2
showed a mixed inhibition pattern. Inhibition constants, determined under pyruvate-variation conditions,
ranged from 6.9 to 52.5 pM, with gossypol showing the highest inhibitory potency among the investigated
compounds. Based on the determined kinetic parameters, a mechanistic model describing the net reaction rate
was developed to simulate the temporal evolution of the enzymatic system. The model captured the main trend
of NADH consumption observed experimentally and qualitatively reproduced the distinct kinetic effects asso-
ciated with competitive and non-competitive inhibition mechanisms.

1. Introduction

Enzymes are essential regulators of all biological processes, con-
trolling both the rates and the directionality of metabolic reactions that
sustain cellular functions [1,2]. Due to their central role, alterations in
their activity, regulation, or expression are implicated in a wide range of
pathological conditions, including metabolic disorders, cancer, neuro-
degenerative, and inflammatory diseases [3,4]. Consequently, enzymes
represent a major class of therapeutic targets, and their modulation
through small molecules remains a cornerstone of modern drug dis-
covery [3,5,6].

A detailed understanding of enzyme kinetics is essential for the
rational design and evaluation of enzyme-targeted therapeutics. Kinetic

Abbreviations: hLDH-A, Human lactate dehydrogenase type A.
* Corresponding authors.

parameters provide quantitative insight into catalytic efficiency, sub-
strate affinity, and reaction reversibility, enabling a mechanistic inter-
pretation of enzymatic behavior beyond qualitative activity
measurements [7-9]. In the absence of a robust kinetic framework,
variations in substrate concentration, cofactor availability, or environ-
mental conditions may lead to ambiguous or misleading interpretations
of enzyme activity. This issue becomes particularly relevant for enzymes
catalyzing reversible reactions, whose apparent activity reflects a dy-
namic balance between forward and reverse processes and is therefore
highly sensitive to the surrounding chemical environment [10,11].
Establishing a rigorous kinetic description of such systems is a prereq-
uisite for any subsequent evaluation of perturbations to enzyme func-
tion, including those induced by external modulators.
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The importance of enzymatic kinetics becomes particularly evident
in pathological conditions characterized by metabolic dysregulation.
Cancer represents a paradigmatic example, as tumor cells undergo
extensive metabolic reprogramming to sustain rapid proliferation while
adapting to nutrient-limited environments [12-17]. These metabolic
adaptations are largely driven by altered enzymatic activity and regu-
lation, rather than by the emergence of entirely new metabolic path-
ways, underscoring the central role of enzyme function in cancer biology
[18].

The clinical relevance of cancer-associated metabolic alterations is
further highlighted by global epidemiological projections, which fore-
cast a substantial worldwide rise in cancer incidence and mortality by
2050, approximately 65-80% and 75-90%, respectively [19]. These
considerations motivate the development of robust biochemical tools for
the controlled characterization of enzymes involved in cancer-
associated metabolism. Among the enzymes involved in cancer-
associated metabolic pathways, lactate dehydrogenase (LDH) occupies
a central role [17,18,20-23]. LDH catalyzes the reversible conversion of
pyruvate into lactate, coupled to the NADH/NAD™" redox pair, thereby
directly linking glycolytic flux to cellular redox homeostasis. This re-
action represents a key metabolic node, as it regulates the balance be-
tween oxidative metabolism and anaerobic glycolysis while sustaining
continuous NAD™ regeneration required for high glycolytic rates
[18,24-26].

The relevance of LDH, in particular its isoform A (LDH-A), becomes
particularly evident in the context of the Warburg effect, a hallmark of
cancer metabolism characterized by the preferential conversion of py-
ruvate to lactate even under aerobic conditions [27-29]. LDH-A is pre-
dominantly expressed in highly glycolytic tissues and is frequently
upregulated in cancer cells. Increased LDH-A expression has been re-
ported in a wide range of solid tumors and is associated with enhanced
glycolytic flux, tumor aggressiveness, and poor prognosis
[12,14,26,30,31].

By promoting lactate production, LDH-A contributes not only to
metabolic rewiring but also to the acidification of the tumor microen-
vironment. This process facilitates tumor invasion, immune evasion, and
resistance to therapy. Given its pivotal role at the intersection of
glycolysis, redox balance, and tumor microenvironment remodeling,
LDH-A has therefore become a widely investigated biochemical target in
studies of cancer-associated metabolism.

Importantly, selective inhibition of LDH-A is considered potentially
safe, as individuals with congenital LDH-A deficiency exhibit relatively
mild clinical symptoms [31-36]. However, despite the extensive interest
in LDH-A as a therapeutic target, a comprehensive and standardized
kinetic framework for the evaluation of hLDH-A catalysis and inhibition
remains limited. Previous studies have often focused on selected aspects
of LDH-A behavior, such as one reaction direction, specific substrate or
cofactor conditions, or individual inhibitors, rather than integrating
forward and reverse kinetics, substrate and cofactor dependence,
intrinsic kinetic parameters, inhibition mechanisms, and reaction
modeling within a single experimental framework. In addition, assay
configurations may differ in pH, temperature, buffer composition,
enzyme source, substrate and cofactor concentrations, variable ligand,
and the kinetic parameter used to express inhibitor potency. This vari-
ability can complicate the interpretation of inhibition mechanisms and
limit direct comparison of inhibitor performance across studies. There-
fore, a comprehensive and controlled kinetic reference framework is
needed to support a more consistent evaluation of hLDH-A modulation.

In this study, a detailed kinetic analysis of human LDH-A (hLDH-A) is
presented, systematically investigating both the forward and reverse
catalytic reactions under controlled conditions. Because LDH catalyzes a
reversible reaction, analysis of both catalytic directions is important to
define the intrinsic kinetic behavior of the enzyme and to describe the
balance between substrate-, product-, and cofactor-dependent steps. The
aim of this work is not to identify new hLDH-A inhibitors, but to
establish a standardized kinetic framework to support the mechanistic
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interpretation of hLDH-A catalysis and inhibition. For this reason,
selected known LDH inhibitors, namely oxamate, galloflavin, NHI-2,
FX11, and gossypol, were used as benchmark compounds to evaluate
how different inhibition mechanisms can be distinguished under
consistent experimental conditions. Even though both directions of re-
action are relevant, in the context of cancer-associated glycolytic
metabolism, the pyruvate-to-lactate direction is the most relevant for
inhibitor evaluation, as it directly supports NAD+ regeneration and
lactate production. For this reason, the full kinetic characterization
included both reaction directions, whereas the inhibitor analysis was
focused on the forward reaction under controlled and physiologically
relevant conditions.

A distinctive aspect of this approach is that multiple kinetic features
that are commonly investigated separately, including reaction direc-
tionality, substrate and cofactor dependence, intrinsic kinetic constants,
inhibition mechanism, and reaction reversibility, were considered
within a single experimental and mechanistic framework. In addition, a
minimal mechanistic kinetic model was developed based on experi-
mentally determined parameters to support the interpretation of reac-
tion reversibility and inhibitor-dependent kinetic behavior. By
establishing a robust and well-defined kinetic reference framework, this
work aims to provide fundamental insights into hLDH-A behavior and to
support the future development of analytical and biosensing strategies
for the biochemical evaluation of hLDH-A modulation under controlled
in vitro conditions, possibly leading to a faster identification of potential
therapeutic molecules.

2. Materials and methods
2.1. Materials

Ethanol, acetone, KHoPO4, KoHPOy, 1-hydroxy-6-phenyl-4-(trifluor-
omethyl)-1H-indole-2-carboxylic acid methyl ester (NHI-2), dime-
thylsulfoxide (DMSO), and L-lactate dehydrogenase from human (hLDH-
A, EC 1.1.1.27) expressed in Escherichia coli were supplied by Sigma-
Aldrich (Merck). Lactic acid, sodium pyruvate, galloflavin, NADH, and
NAD were purchased from VWR Avantor. 7-Benzyl-2,3-dihydroxy-6-
methyl-4-propyl-1-naphthoic acid (FX11) was provided by BLDpharm.
Gossypol and oxamic acid sodium salt (oxamate) were acquired from
ThermoFisher. All reagents were used as received, with no further
purification.

2.2. Enzyme characterization

2.2.1. Optical analysis of reagents

All chemical species involved in the enzymatic reaction, pyruvate
(substrate), NADH (reduced cofactor), NAD" (oxidized cofactor), and
lactate (product), were analyzed by UV-Vis absorption spectroscopy to
confirm the characteristic absorption peak of NADH at 340 nm [37,38].
This distinct spectral feature was subsequently employed to monitor the
progress of the enzymatic reaction by tracking variations in absorbance
at that specific wavelength.

In addition, the optical absorption spectra of all tested inhibitors,
namely Galloflavin, NHI-2, Oxamate, Gossypol, FX11, as well as their
solvent (DMSO), were independently recorded to assess any potential
spectral interference with the selected analytical wavelength.

All spectra were acquired using a Jasco V-730 UV-V is spectropho-
tometer over a wavelength range of 225-580 nm. Measurements were
performed in quartz cuvettes with a 1 cm optical path length. The
analytes were dissolved in 0.1 M pH 7.4 potassium phosphate buffer and
maintained at a constant temperature of 37 °C to reflect the conditions
used in the subsequent kinetic assays. Potassium phosphate buffer was
also used as a blank before the acquisition of the spectra.

The concentration of each compound corresponded to the maximum
value employed in the enzymatic activity tests.
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2.2.2. Engyme stability tests

To ensure the reliability of the kinetic measurements, the stability of
hLDH-A was preliminarily assessed under the adopted experimental
conditions [39]. The enzyme was incubated at 37 °C for 72 hin 0.1 M
pH 7.4 potassium phosphate buffer. At defined time intervals, the
enzymatic activity was determined spectrophotometrically by moni-
toring the oxidation of NADH at 340 nm, using a Jasco V-730
instrument.

Each measurement was performed in a 2.91 mL reaction mixture
containing 0.24 mM NADH and 1.69 mM pyruvate in 0.1 M pH 7.4
potassium phosphate buffer, used as a blank. The reaction was initiated
by adding 100 pl of the incubated hLDH-A solution (0.01 mg ml~1).
Temperature was maintained at 37 °C throughout the measurements.
Substrate and cofactor concentrations were selected based on previous
literature reports [16,40], whereas the pH and temperature conditions
were chosen to reflect standard physiological-like conditions typically
employed in cell culture experiments.

Enzymatic activity was calculated using the eq. S1 in the Supporting
Information.

All experiments were conducted in triplicate to ensure data repro-
ducibility and to minimize the impact of random experimental error.

2.2.3. Kinetic evaluation of the forward and reverse reaction in
physiological-like conditions

The kinetic behavior of hLDH-A was investigated under steady-state
conditions by analyzing both the forward (pyruvate-to-lactate) and
reverse (lactate-to-pyruvate) reactions, in order to determine the
intrinsic kinetic parameters of the enzyme.

Kinetic tests were performed using a Jasco V-730 UV-Vis spectro-
photometer. The reaction progress was followed by monitoring the
oxidation of NADH at 340 nm. All assays were conducted at 37 °C in 0.1
M pH 7.4 potassium phosphate buffer, with a final reaction volume of
3.01 mL. Enzyme concentration and assay conditions were selected to
ensure linear initial reaction rates and negligible substrate depletion.

For the forward reaction, kinetic curves were obtained by varying
pyruvate concentration from O to 1 mM inside the cuvette, while
keeping NADH at fixed concentrations. Specifically, four independent
kinetic curves were recorded, each corresponding to a different NADH
concentration. In a complementary set of experiments, NADH concen-
tration was varied from 0 to 0.3 mM, while maintaining pyruvate at
fixed levels.

An analogous experimental design was adopted for the reverse re-
action, in which lactate and NAD" concentrations were systematically
varied, from 0 to 0.6 mM or 0 to 0.3 mM, respectively.

For each substrate-cofactor concentration pair, the initial reaction
rate, used to construct the corresponding kinetic curves, was calculated
from the linear portion of the absorbance-time traces using Eq. (S1).

Each kinetic dataset was initially fitted using the Michaelis—-Menten
model to obtain apparent kinetic parameters. Linearization according to
the Hanes-Woolf method was subsequently employed to improve
robustness against experimental error relative to the Lineweaver-Burk
approach [41]. The equations used for kinetic fitting and linearization,
together with the definition of all kinetic parameters, are reported in the
Supporting Information (Eq. S2-S3). To avoid relying exclusively on a
linearized form of the kinetic equation, the original untransformed data
were also analyzed by nonlinear least-squares fitting [42]. The same
kinetic model was applied in both analyses, and nonlinear regression
was used to validate the parameters obtained from the Hanes-Woolf
representation. Hanes-Woolf plots were retained as a graphical and
comparative tool because they allow clear visualization of trends in
apparent kinetic parameters and inhibition patterns; however, the lim-
itations associated with linearization, including potential distortion of
error structure and altered weighting of data points, were taken into
account in the interpretation of the results.

The intrinsic kinetic parameters of hLDH-A were then determined,
within a kinetic framework consistent with an ordered sequential bi-bi
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mechanism, in which the binding of the cofactor precedes that of the
substrate. This binding sequence is due to a cofactor-induced confor-
mational change essential for the subsequent docking of the substrate.

Under steady-state conditions, the initial reaction rate is described
by the Cleland equation (Supporting Information, Eq. (S4)) [43-46]. To
this end, secondary plots were constructed from the apparent kinetic
parameters obtained at different fixed concentrations of the second
substrate or cofactor. Analysis of these plots enabled the extraction of
the intrinsic kinetic constants for both the forward and reverse reactions
[11,47] as detailed in the Supporting Information.

After the determination of the intrinsic maximum velocity, both for
the forward and reverse reactions, the turnover number (Kat) was
evaluated according to eq. S5 of the Supporting Information.

All experiments were carried out in triplicate to ensure
reproducibility.

2.2.4. Inhibitors evaluation

To evaluate the effect of selected inhibitors on hLDH-A activity, ki-
netic assays focused on the forward reaction were conducted. All mea-
surements were performed by monitoring the decrease in absorbance at
340 nm, using a Jasco V-730 spectrophotometer. The reaction mixture,
kept at 37 °C, contained NADH and pyruvate at the specified concen-
trations and the inhibitor under examination. To ensure system homo-
geneity, the mixture was maintained under constant magnetic stirring
throughout the experiments. For each assay condition, the correspond-
ing blank solution contained phosphate buffer, NADH, pyruvate, sol-
vent, and inhibitor at the same concentrations used in the reaction
mixture, but without enzyme. This enzyme-free blank was used for
baseline correction before initiating the reaction. Reactions were initi-
ated by adding 100 pL of hLDH-A solution (0.01 mg mL™!) to the pre-
equilibrated blank solution.

A complete kinetic profile was established by systematically varying
substrate and cofactor concentrations, following the experimental
design used for the uninhibited enzyme. In pyruvate-dependent assays,
pyruvate concentration was varied in the range 0.005-1 mM while
NADH concentration was kept constant at 0.23 mM. Conversely, in
NADH-dependent assays, pyruvate concentration was fixed at 1.63 mM,
and NADH concentration ranged from 0.005 to 0.30 mM. These con-
centration ranges were selected to avoid signal saturation and ensure
accurate determination of initial reaction rates.

For inhibition assays, five different concentrations were tested for
each compound. Galloflavin and FX11 were evaluated within a con-
centration range of 1-20 uM, whereas all other inhibitors were tested
between 1 and 40 pM.

Except for oxamate, which was solubilized in deionized water, all
other inhibitors were dissolved in DMSO. To assess potential solvent-
related effects on hLDH-A activity, control assays were performed at
varying DMSO concentrations ranging from 0.04% to 5% (v/v),
exceeding the maximum solvent concentration introduced during inhi-
bition experiments. This control ensured that any observed changes in
enzymatic activity could be attributed to inhibitor action rather than to
solvent interference.

Absorbance data were converted into initial reaction rates using Eq.
S1 reported in the SI. Apparent kinetic parameters were calculated using
the Hanes-Woolf linearization method [48]. Since the inhibitors were
not consumed during the enzymatic assay, their absorbance contribu-
tion at 340 nm was treated as a constant baseline component. Therefore,
the use of inhibitor-containing enzyme-free blanks allowed this contri-
bution to be corrected before evaluating the time-dependent NADH
decrease.

Inhibition patterns were assigned based on the combined evaluation
of Hanes-Woolf linearizations, Michaelis-Menten kinetic curves, and
inhibitor-dependent changes in the apparent kinetic parameters. Vari-
ations in slope, y-intercept, and x-intercept of the Hanes-Woolf plots
were used to distinguish apparent competitive, non-competitive, and
mixed-type behaviors under the tested assay conditions. For selected
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diagnostically relevant cases, ANOVA-based comparisons of the linear
regressions were performed to evaluate whether changes in regression
parameters were statistically significant. These analyses were used as
supporting evidence for kinetic interpretation, which remains valid
under the tested conditions, and were not intended to replace a
comprehensive global inhibition model-selection procedure.

Three-dimensional structures of hLDH-A, the reaction substrates and
products, and the tested inhibitors were visualized using UCSF Chimera,
version 1.18. The crystallographic structure of hLDH-A was retrieved
from UniProt data bank (UniProt ID. K1TOA2) [49]. Molecular struc-
tures of pyruvate, NADH, and the investigated inhibitors (oxamate,
galloflavin, NHI-2, gossypol, and FX11) were obtained from PubChem
and rendered for visualization purposes [50].

UCSF Chimera was also used to visualize results of molecular dock-
ing analysis, performed with AutoDock Vina. Docking was used to
investigate the possible binding orientation of the tested inhibitors
within the hLDH-A catalytic region. Computational analyses were car-
ried out for each ligand individually. The enzyme structure was pre-
pared by removing non-essential molecules, adding hydrogen atoms,
and optimizing the receptor for ligand docking. Subsequently, ligands
were docked in their minimum energy conformation, and exploratory
structure analysis was implemented to identify hydrogen bonds between
the ligand and the enzyme's amino acid residues. Representative dock-
ing poses were selected based on docking score and visual inspection of
their localization within the enzymatic pocket.

The docking analysis was intended to provide qualitative structural
support to the kinetic results. Therefore, docking poses were interpreted
in combination with the experimentally determined inhibition profiles
rather than used as standalone evidence for mechanistic assignment.

2.2.5. Determination of inhibition constants

Inhibition constants (K;) were determined exclusively for the forward
reaction under pyruvate-variation conditions, since the pyruvate-to-
lactate conversion catalyzed by hLDH-A represents the physiologically
predominant direction supporting NAD" regeneration and sustained
glycolytic flux, particularly in highly glycolytic contexts [51,52].
Moreover, performing K; analysis by varying pyruvate at fixed NADH
minimized additional kinetic complexity associated with cofactor-
dependent steps in the ordered sequential bi-bi mechanism. In addi-
tion, this configuration was selected because the pyruvate-to-lactate
direction is directly linked to NAD+ regeneration and lactate produc-
tion in highly glycolytic contexts. NADH-variation experiments were
used as complementary kinetic information to identify possible cofactor-
dependent effects, whereas the quantitative comparison of inhibitor
potency was restricted to a single pyruvate-variable assay configuration.

K; values were extracted through secondary plot analysis, based on
the apparent kinetic parameters obtained from the Hanes-Woolf line-
arizations. The mathematical form of these plots depended on the
identified inhibition mechanism [47]. Specifically, in the case of
competitive inhibition, the apparent Michaelis constant (K§fP) was
plotted as a function of inhibitor concentration ([I]). For non-
competitive inhibition, the reciprocal apparent maximum velocity (1/
RFPax) was plotted versus the inhibitor concentration. Lastly, for mixed-
type inhibition, the ratio Kif?/Rfhax was plotted against inhibitor
concentration. In all three cases, the K; values were determined from the
x-intercept of the corresponding linear regression.

K; values are reported as mean =+ standard deviation. Goodness-of-fit
was assessed using the coefficient of determination (R?). Where appro-
priate, fitted parameters were reported together with uncertainty esti-
mates. Moreover, where necessary, an ANOVA test was performed to
assess the statistical difference between data.

2.3. Reaction modeling

The LDH-A-catalyzed reaction was modeled using a reversible or-
dered sequential bi-bi mechanism (Eq. 1). In Eq. 1, E represents the
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enzyme, A is NADH, B is pyruvate, P is lactate, and Q is NAD™.

kl k2 k3 k4
E+A+B = EA+B = EAB(=EPQ) = EQ+P = E+Q+P )
k,] k,z k,g k,4

From Eq. 1, the net velocity of the reaction was obtained, with all the
intermediate steps provided in Egs. S6-S13. This derivation yielded a
system of ordinary differential equations that govern the time-
dependent concentration profile of all the species involved in the reac-
tion. To improve the representativeness of the model, a term accounting
for thermal inactivation of the enzyme was integrated. The full set of
equations that describes the system is detailed in Eq. 2.

Keats @ [€] ® % —keaer @ [e] @ %
R R
A v
B v @
Iy
29 e
I kiele

The model was formulated as a minimal reversible mechanistic
framework based on the experimentally determined kinetic parameters.
Enzyme aggregation was not explicitly included, because the enzyme
concentration used in the kinetic and validation experiments was very
low and the reaction times were short compared with the time scale of
the stability assay, making aggregation-related effects unlikely to
dominate under the adopted conditions. Nevertheless, since no direct
structural or scattering-based analysis of aggregation was performed,
this process cannot be fully excluded and is acknowledged as a possible
limitation.

Dynamic conformational states were also not explicitly modeled.
Although conformational changes are known to contribute to the cata-
lytic behavior of LDH and other NAD-dependent dehydrogenases, their
reliable incorporation into a kinetic model would require independent
experimental information, such as pre-steady-state kinetic data, binding
kinetics, or time-resolved structural evidence. In the absence of such
constraints, introducing additional conformational states would in-
crease the number of poorly identifiable parameters and could lead to
overparameterization. Therefore, conformational effects were implicitly
included in the experimentally estimated kinetic parameters, while the
final model was retained as a minimal framework aimed at describing
the dominant kinetic behavior under the tested conditions.

Two different types of inhibition were also modeled, namely
competitive and non-competitive inhibition. In both cases, inhibition
was incorporated by adding the corresponding terms to the denominator
of the net rate equation. Competitive inhibition was modeled by adding
a term for the competition between the inhibitor and pyruvate for the
same binding site, leading to the modified net velocity described in the
following equation.
keaes @ €] @ iag — Kearr @ [e] © oo
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For non-competitive inhibition, the whole denominator is multiplied
by a factor greater than one to model the reduction in the effective
catalytic activity of the enzyme without the alteration of substrate
binding affinities. In this case, the net reaction velocity becomes:
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All kinetic parameters used in the model were experimentally
determined, as detailed in the previous sections. In simulations
involving inhibition, the K; value for competitive inhibition was based
on the value determined for oxamate, whereas the K; for non-
competitive inhibition was derived from the value obtained for FX11.
The set of differential equations has been solved using MATLAB® and
Simulink. More specifically, the block diagram used to describe and
solve the differential equations has been created with Simulink, while
MATLAB® has been used to set up the initial conditions for the ODE and
analyse the results, comparing them with the experimental data. The
system of differential equations was solved by numerical integration
[53], using the Simulink solver. The solver was configured with a
variable-step method and a maximum step size of 0.001 to ensure
adequate resolution.

2.4. Model validation

The predictive capability of the proposed kinetic model was assessed
through independent validation experiments, performed at 37 °C in 0.1
M pH 7.4 phosphate buffer, with equal initial concentrations of NADH
and pyruvate. These concentrations were selected to ensure a suffi-
ciently slow reaction rate, enabling reliable time-resolved monitoring of
NADH consumption. The enzyme concentration was selected according
to the same criteria and was kept constant throughout the experiments.
At predetermined time intervals, aliquots of 3 mL were withdrawn from
the reaction mixture. Enzymatic activity was immediately quenched by
the addition of 3 mL of 0.1 M HCI, ensuring complete enzyme inacti-
vation and preventing further reaction progress.

The residual NADH concentration was determined spectrophoto-
metrically by measuring the absorbance at 340 nm. Quantification was
performed using a calibration curve relating absorbance to NADH con-
centration, as described in the Supporting Information.

All experiments were conducted in triplicate to ensure reproduc-
ibility. The experimentally obtained NADH concentration profiles were
subsequently compared with model predictions generated by numerical
solutions of the kinetic equations described in Section 2.3. The
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coefficient of determination (R%) and the relative prediction error were
used to assess the agreement between experimental and simulated
values.

These validation experiments were not intended to provide exhaus-
tive assessment over a broad experimental space, but rather to test
whether the mechanistic model could reproduce the NADH consump-
tion profile under simple and controlled conditions.

3. Results and discussion
3.1. Optical validation of NADH-based spectrophotometric monitoring

The UV-Vis absorption spectra of all chemical species involved in the
reaction mixture are shown in Fig. 1 and are reported as absorbance
values in arbitrary units.

NAD™" and NADH displayed a characteristic absorption band in the
ultraviolet region around 260 nm, which is attributed to & — n* tran-
sitions of adenine, common to both cofactors. Moreover, NADH
exhibited a well-defined absorption band centered at 340 nm, which was
absent in the spectra of NAD", and arises from 1 — n* transitions of the
reduced nicotinamide ring [54]. In contrast, pyruvate showed only weak
absorption features confined to the lower ultraviolet region, resulting in
negligible absorbance contributions at the analytical wavelength used
for kinetic measurements. Lactate displayed an absorption band
centered at 280 nm, which was largely masked by the overlapping signal
of NAD™. As a result, enzymatic reactions involving NADH-dependent
dehydrogenases are commonly monitored by measuring absorbance
changes at 340 nm, which reflect NADH consumption stoichiometrically
coupled to pyruvate reduction and concomitant lactate and NAD" for-
mation [38,54,55].

The validity of this approach relies on the assumption that no other
reagents or products contribute time-dependent absorbance variations
at the analytical wavelength. In this context, the absorption spectra of
the solvent (DMSO) and of the tested inhibitors were also examined.
Most inhibitors exhibited minimal absorbance at 340 nm at the con-
centrations employed in the kinetic assays. In contrast, NHI-2 showed a
measurable absorbance contribution at this wavelength, leading to a
higher initial absorbance value in solutions containing this compound.
Importantly, the absorbance associated with NHI-2 remained constant
over the time scale of the enzymatic assays, indicating that the inhibitor

a) [260 nm [o2u| b) [o2u

5 ] 5

S| L

o | ®

O | &)

c | c

® | 340 nm ®

Q0 | 0

==l b —

o | O

w | (2}

Q | Q0

< | <C ——NADH
i ——DMSO
' e NHI2
E —— NADH S;;I(;flavin
i ———NAD" Oxamate
- h— 2’;‘;’;“9 : Gossypol
I & I 2 I L | & I 5 I s I & I L
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Wavelenght (nm)
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Fig. 1. UV absorption spectra of a) 0.23 mM NAD+, 0.23 mM NADH, 1.63 mM lactate, 1.63 mM pyruvate; b) 0.23 mM NADH, 9.49 mM DMSO, 40 pM NHI-2, 20 pM

galloflavin, 20 pM FX11, 40 pM Oxamate and 40 pM Gossypol.
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was not consumed or chemically modified during the reaction.

As enzymatic activity was determined from the time-dependent
change in absorbance rather than from absolute absorbance values,
the presence of a constant absorbance offset did not affect the deter-
mination of initial reaction rates [56,57]. Accordingly, variations in
absorbance at 340 nm could be reliably attributed to NADH oxidation,
both in the absence and in the presence of inhibitors.

3.2. hLDH-A thermal stability

The thermal stability of hLDH-A under physiological-like conditions
was evaluated by monitoring the residual enzymatic activity following
incubation at 37 °C in phosphate buffer (pH 7.4) over an extended time
period, as reported in Fig. 2. Enzymatic activity values were normalized
to the initial activity measured at time zero and expressed as percentage
residual activity.

The experimental activity—time profile was quantitatively described
using a first-order deactivation model, according to the following
equation [47]:

A(t) = Ag e 7ot (5)

where A(t) represents the residual enzymatic activity at time t, Ag is the
initial activity, and kpis the first-order inactivation constant (h™1). This
model was selected as a simple phenomenological description of the
decrease in residual catalytic activity over time, rather than as a
mechanistic representation of the molecular events responsible for
enzyme deactivation. The fitting provided a good empirical description
of the experimental data, with an R? value of 0.97, supporting its use to
describe the apparent activity decay under the tested conditions.

Fitting the experimental data to this model resulted in an inactiva-
tion constant kp = 0.02316 h™?, indicating a gradual loss of enzymatic
activity over time.

From the estimated deactivation constant, the half-life of enzymatic
activity (t; /o) was calculated, yielding a value of approximately 30 h. As
shown in Fig. 2, hLDH-A retained a substantial fraction of its catalytic
activity during the early incubation period, followed by a progressive
decrease upon prolonged exposure to the tested temperature. After 72 h
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Fig. 2. Thermal inactivation of hLDH-A under physiological-like conditions.
The enzymatic solution was incubated at pH 7.4 and 37 °C. Residual activity
was normalized to the initial activity measured at time zero.
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of incubation, approximately 20-25% of the initial activity was still
preserved.

The purpose of this experiment was to assess whether hLDH-A
retained sufficient catalytic activity over time scales relevant to the ki-
netic assays. Indeed, the kinetic measurements were performed over
substantially shorter time intervals than the 72 h incubation used for the
stability test. In addition, the enzyme concentration was kept suffi-
ciently low to minimize aggregation-related effects under the adopted
experimental conditions. However, because no direct structural analysis
of protein unfolding, aggregation, or irreversible denaturation was
performed, the observed decrease in activity should be interpreted as an
apparent loss of catalytic function rather than as evidence for a specific
thermal deactivation mechanism.

Overall, these results indicate that hLDH-A undergoes slow thermal
deactivation under physiological-like conditions, while maintaining
sufficient stability over time scales relevant to kinetic assays. This
behavior supports the reliability of the enzymatic measurements re-
ported in this study, since none of the assays required enzyme exposure
at 37 °C for more than two hours, and highlights the importance of
accounting for enzyme stability in long-term kinetic investigations.
Thermal inactivation of enzymes can generally result from different
molecular processes, including partial or complete unfolding and ag-
gregation, both of which may reduce the fraction of catalytically active
enzymes. In the present study, these processes were not investigated
separately by structural or aggregation-specific techniques. Instead,
thermal stability was evaluated functionally by monitoring the residual
enzymatic activity over time. Therefore, the measured activity decay
should be interpreted as the overall apparent consequence of the ther-
mal inactivation processes rather than as evidence of a specific molec-
ular pathway.

3.3. Mechanistic kinetic analysis of hLDH-A

Before the comprehensive kinetic analysis, the suitability of different
linearization approaches for the determination of apparent kinetic pa-
rameters was evaluated. Representative kinetic curves obtained by
varying substrate concentration at fixed cofactor levels were analyzed
using both Lineweaver-Burk (LB) and Hanes-Woolf (HW) representa-
tions. Fig. 3 reports the experimental points fitted with HW lineariza-
tion, while the graphical comparison between the two methods is
reported in Fig. S1.

Hanes-Woolf linearization was found to provide an adequate repre-
sentation of the experimental points both for the forward and the reverse
reactions, as shown in Fig. 3. Fig. S1 provides better insight into the
comparison between the two methods. Although both methods provide
linear transformations of the Michaelis-Menten equation, substantial
differences in fitting quality were observed, particularly for pyruvate-
dependent kinetics. These differences can be mainly attributed to the
different propagation of experimental errors in the two transformations
[58]. In the Lineweaver-Burk representation, the reciprocal trans-
formation disproportionately amplifies experimental uncertainty asso-
ciated with data points collected at low substrate concentrations, as
small absolute errors in reaction rate translate into large deviations upon
inversion. In fact, assuming that experimental errors in the measured
reaction rate are approximately constant in absolute terms, first-order
error propagation shows that the transformed error is presented in Eq. 6.

B R 6
R? (6)
Therefore, at low substrate concentrations, where Ry, is proportional
to [S], the transformed error is proportional to 1/[S] 2, leading to marked
heteroscedasticity and high leverage of low [S] data points [59,60]. As a
result, these points may disproportionately influence parameter esti-
mation and lead to poorer representation of the full dataset [11,61]. This
effect is especially pronounced for pyruvate-dependent kinetics, where
deviations from ideal Michaelis-Menten behavior are observed at both
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low and high substrate concentrations.

In contrast, the Hanes-Woolf transformation modifies the error
structure more moderately. Error propagation indicates that the trans-
formed error scales approximately as shown in Eq. 7.

S| e ¢
W~ _ [ ] Ry (7)

R;

For low substrate concentrations, the Michaelis-Menten equation can
be approximated as

R, ~ Romax [S] (8)
Ku
Therefore, ¢ ~ 1/[S]. This represents a weaker divergence at low
substrate concentrations. Moreover, because the independent variable
remains proportional to substrate concentration, statistical leverage is
more evenly distributed across the dataset. As a result, experimental
error is distributed more uniformly along the regression line, leading to
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kinetic parameters that better reproduce the experimental data. This
behavior is consistent with previous methodological analyses high-
lighting the superior robustness of the Hanes-Woolf approach in the
presence of experimental noise and non-ideal kinetic features
[11,61-63]. On this basis, the Hanes—Woolf method was selected for the
determination of apparent kinetic parameters throughout this study.

The steady-state kinetics of hLDH-A for the forward reaction were
investigated by independently varying NADH concentration at fixed
pyruvate levels and pyruvate concentration at fixed NADH levels
(Fig. 4). In all cases, the experimental data displayed trends consistent
with Michaelis-Menten-type behavior.

Apparent kinetic parameters derived from Hanes-Woolf lineariza-
tion under all experimental conditions are reported in Table S1. For
comparison, Table S1 also reports the corresponding kinetic parameters
obtained by nonlinear least-squares regression of the untransformed
data, allowing a direct quantitative assessment of the agreement be-
tween the two approaches. Overall, nonlinear regression provided
parameter estimates in good agreement with those derived from

1200
p)
1000
‘.TE 800 —
E o
© 600
&
e |
400
D:Q 00 /
1 i& ® NADH 0.05 mM
200 - ® NADHO0.1 mM
| ® NADH 0.23 mM
® NADH 0.3 mM
0 : T y T : T ! T
0.00 0.25 0.50 0.75 1.00

[Pyruvate] (mM)

Fig. 4. Kinetic analysis of the LDH-catalyzed forward reaction as a function of (a) NADH concentration at increasing fixed pyruvate concentrations and (b) pyruvate
concentration at increasing fixed NADH concentrations. Symbols represent mean values + standard deviation from triplicate measurements, while dashed lines

indicate Michaelis-Menten fits.
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Hanes-Woolf analysis. Under all investigated conditions, the
Hanes-Woolf-derived estimates fell within the corresponding 95%
confidence intervals of the nonlinear-regression parameters. Relative
differences between the two approaches were generally limited,
although larger deviations were observed at the highest fixed pyruvate
concentration (3 mM), for which the nonlinear estimates were also
associated with wider confidence intervals. These results support the use
of the Hanes-Woolf representation for graphical and comparative pur-
poses while providing an independent quantitative validation based on
direct fitting of the untransformed data.

Notably, variations in NADH concentration produced more pro-
nounced changes in the kinetic profiles compared to variations in py-
ruvate concentration. Increasing NADH levels up to 0.23 mM resulted in
a substantial increase in apparent reaction rates (Fig. 4b), followed by a
decrease at higher cofactor concentration, suggesting a reduced cata-
lytic efficiency at elevated NADH levels. The apparent Michaelis con-
stant for NADH (KaMpp) showed moderate variations across the
investigated concentration range. Taking the value obtained at 0.23 mM
NADH as a reference, deviations remained within 15%, with the largest
difference observed at 0.05 mM NADH (15%), followed by 14% at the
highest concentration examined and 8.6% at 0.1 mM NADH.

Conversely, changes in pyruvate concentration induced smaller ef-
fects (Fig. 4a). No substantial variation in the apparent maximum ve-
locity was observed, while the apparent Michaelis constant varied as a
function of NADH, reflecting the coupling between substrate and
cofactor binding typical of bi-substrate enzymes.

This observation suggests a dominant influence of the cofactor on
enzymatic activity, compatible with a cofactor-first ordered sequential
mechanism, as previously reported for lactate dehydrogenase and other
NAD-dependent dehydrogenases [45,64-66].

At elevated pyruvate concentrations, a reduction in the apparent
maximum reaction rate was observed, suggesting the onset of substrate
inhibition. This behavior may reflect the formation of non-productive
enzyme-substrate complexes or allosteric effects at high substrate
levels, a phenomenon commonly reported for LDH and other enzymes
operating at high metabolite concentrations [20,67-69].

An analogous kinetic analysis was performed for the reverse reaction
by varying lactate concentration at fixed NAD™ levels (Fig. S2 a) and
NAD™" concentration at fixed lactate levels (Fig. S2 b). The apparent
kinetic parameters obtained from both Hanes-Woolf analysis and direct
nonlinear least-squares regression are reported in Table S2. Overall,
nonlinear regression reproduced the general magnitude and trends of
the Hanes-Woolf-derived parameters, although the agreement was less
uniform than that observed for the forward reaction. Most Hanes-Woolf
estimates fell within the corresponding 95% confidence intervals of the
nonlinear fits, while larger deviations were observed under selected
fixed-lactate conditions, particularly at 0.5 and 3 mM. This greater
variability is consistent with the reduced robustness of the kinetic
description previously observed for the reverse reaction.

As observed for the forward reaction, variations in cofactor con-
centration exerted a stronger influence on enzymatic activity than var-
iations in substrate concentration, suggesting a cofactor-first ordered
sequential mechanism for interpreting the kinetic data [45,46,70]. In
fact, increasing NAD ™" concentration led to a progressive increase in the
apparent reaction rate, which may reflect a strong dependence of the
reverse reaction on cofactor availability.

Conversely, when lactate is the varied substrate, the apparent
maximum reaction rate increased up to intermediate lactate levels,
followed by a reduction at elevated concentrations, indicating the onset
of substrate inhibition analogous to that observed for pyruvate [71].

Overall, the dependence of the apparent kinetic parameters on the
concentration of the second reactant highlights the intrinsic limitations
of apparent kinetic analysis for mechanistic interpretation. For this
reason, intrinsic kinetic parameters were determined through secondary
plot analysis, assuming an ordered sequential bi-bi mechanism,

Bioorganic Chemistry 182 (2026) 110489

consistent with the previous observations and supported by literature.

For the forward reaction, secondary plots derived from the apparent
kinetic parameters obtained at varying NADH concentrations exhibited
linear trends (Fig. 5 a and b), compatible with the assumptions of an
ordered sequential mechanism [11,72]. From these plots, the intrinsic
kinetic parameters R}, max, Ka, Kg, and Kijywere determined, according to
the procedure described in the Supporting Information, and are sum-
marized in Table 1.

An analogous secondary plot analysis was reported for the reverse
reaction by varying NAD™ and lactate concentrations (Fig. 5 ¢ and d). In
this case, the linear relationships were less pronounced than those
observed for the forward reaction, suggesting a reduced robustness of
the kinetic description in the lactate-to-pyruvate direction. This
behavior is consistent with the lower catalytic efficiency observed for
the reverse reaction under the investigated conditions [73]. The corre-
sponding intrinsic kinetic parameters are also reported in Table 1.

Comparison of the estimated parameters indicated a markedly
higher catalytic throughput for the pyruvate-to-lactate reaction under
the tested physiological-like conditions. Although the substrate-related
parameters suggest stronger apparent affinity toward lactate, the
higher forward reaction rate indicates that substrate affinity alone is not
sufficient to explain the observed direction-dependent kinetic behavior
[74]. Within the adopted ordered sequential bi-bi framework, this
behavior is compatible with an important contribution of catalytic
turnover and cofactor-dependent steps to the overall hLDH-A kinetic
response [74-78].

Therefore, the observed catalytic asymmetry should be interpreted
as a condition-dependent kinetic feature of hLDH-A within the experi-
mental and modeling assumptions used in this study, rather than as
definitive proof of a unique molecular mechanism governing reaction
directionality. [28,74-79]

3.4. Evaluation of inhibitory effects

Once a detailed understanding of the intrinsic kinetic behavior of
hLDH-A was established, reference inhibitors were subsequently inves-
tigated. Kinetic analyses were performed exclusively on the forward
reaction, as it represents the physiologically favored direction and the
catalytically relevant process in cancer cell metabolism.

Prior to inhibitor evaluation, the potential influence of the solvent on
hLDH-A catalytic activity was assessed. To this end, kinetic assays were
performed in the presence of increasing concentrations of DMSO,
covering and exceeding the maximum solvent content employed in in-
hibition experiments. In these assays, kinetic curves were constructed by
independently varying pyruvate (keeping NADH at a constant concen-
tration of 0.23 mM) or NADH concentration (with pyruvate concentra-
tion fixed at 1.63 mM). Representative kinetic curves obtained at
different DMSO concentrations are reported in Fig. S3.

Overall, the reaction rates exhibited comparable trends across the
investigated solvent concentrations, both under variable pyruvate and
NADH conditions, with no systematic dependence on DMSO content.
Although minor variations in the absolute reaction rates were observed
among individual curves, especially in pyruvate-dependent assays, these
variations did not follow a concentration-dependent pattern and
remained within the experimental variability of the assay.

On this basis, DMSO was not found to exert a significant or system-
atic effect on hLDH-A kinetic behavior under the adopted experimental
conditions. Consequently, any changes in enzymatic activity observed in
the presence of inhibitors can be reasonably attributed to inhib-
itor—enzyme interactions rather than to solvent-related effects.

A panel of LDH inhibitors previously reported in the literature,
including galloflavin, NHI-2, oxamate, FX11, and gossypol, was there-
fore evaluated to assess their impact on the kinetic behavior of hLDH-A.

The inhibition mechanisms discussed below should be interpreted as
apparent kinetic patterns under the specific assay configurations used in
this study. Mechanistic assignment was based on the combined
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Fig. 5. (a and b) Secondary plots derived from the apparent kinetic parameters obtained for the forward reaction by varying NADH concentration at fixed pyruvate
levels. (c and d) Secondary plots derived from the apparent kinetic parameters obtained for the reverse reaction by varying NAD" concentration at fixed lactate
levels. Data points represent mean values + standard deviation obtained from triplicate measurements. Dashed lines indicate linear fits used to extract the intrinsic
kinetic parameters (Rp max, Ka, K, and Kix) within the adopted ordered sequential reaction mechanism. Details of the kinetic model and fitting procedure are reported

in the Supporting Information.

Table 1
Intrinsic kinetic parameters for the forward and the reverse reactions.

Reaction Rp,max (umol K (mM) Kg (mM) Kia (mM) Keat
direction min~ 1) ™
Forward® 1230.7 + 0.039 + 0.15 + 0.02 + 769.2
46.9 0.005 0.04 0.01
Reverse®™ 204.5 + 74 0.142 + 0.009 + 0.222 + 127.8
0.009 0.003 0.09

(a) In the forward reaction, A refers to NADH, B to pyruvate
(b) In the reverse reaction, A refers to NAD+, B to lactate

inspection of Hanes-Woolf plots, Michaelis-Menten curves, and the
corresponding changes in apparent kinetic parameters. For inhibitors
displaying concentration-dependent changes or different behavior
depending on the varied ligand, the assigned mechanism represents the
predominant kinetic pattern observed under the tested conditions rather
than an exhaustive description of all possible inhibitor-bound enzyme
states.

To elucidate the inhibition mechanisms of the selected compounds,
kinetic data were analyzed using Hanes-Woolf linearization, which

allows discrimination between competitive, non-competitive, and mixed
inhibition based on changes in slope and intercept. In Hanes-Woolf
representations, changes in slope are primarily associated with varia-
tions in the apparent Michaelis constant, whereas changes in the inter-
cept reflect variations in the apparent maximum velocity. Parallel lines
indicate competitive inhibition, while intersecting lines are indicative of
non-competitive or mixed inhibition mechanisms, depending on the
position of the intersection [11,80,81]. Results for oxamate and gallo-
flavin are reported in Fig. 6 and Fig. 7, respectively, while the complete
linearization set is shown in Fig. S6.

The interpretation of these plots was supported by inspection of the
corresponding Michaelis-Menten kinetic curves, reported in the Sup-
porting Information (Fig. S4 and Fig. S5).

Fig. 6 a shows the effect of increasing oxamate concentrations when
pyruvate was used as the variable substrate. Oxamate induced a
concentration-dependent increase in the slope of the Hanes—Woolf plots
when pyruvate was varied, with a simultaneous increase in the modulus
of the x-intercept, yielding parallel lines. This behavior is consistent with
an apparent competitive inhibition mechanism with respect to pyruvate
under the tested conditions, suggesting that oxamate competes with the
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concentration in the presence of 0.23 mM NADH. (b) Linearization obtained by varying NADH concentration with pyruvate equal to 1.63 mM. Data points represent
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Fig. 7. Hanes-Woolf plots for the forward hLDH-A reaction in the presence of increasing concentrations of galloflavin. (a) Linearization obtained by varying py-
ruvate concentration in the presence of 0.23 mM NADH. (b) Linearization obtained by varying NADH concentration with pyruvate equal to 1.63 mM. Data points
represent mean values + standard deviation from triplicate measurements, while solid lines correspond to linear fits.

substrate for binding at the active site [82-85]. The corresponding
Michaelis-Menten curves (Fig. S4 a) showed a progressive rightward
shift with increasing oxamate concentration, accompanied by preser-
vation of the apparent maximum reaction rate, further supporting a
competitive inhibition model. By contrast, when NADH was the varied
substrate, oxamate did not introduce systematic changes in Hanes-Woolf
representation (Fig. 6 b, Fig. S5 a), supporting the interpretation that its
primary inhibitory effect is associated with pyruvate-dependent kinetics
rather than cofactor-dependent steps.

By contrast, increasing galloflavin concentrations resulted in

10

progressively steeper Hanes-Woolf slopes (Fig. 7 a), accompanied by
changes in y-intercept, but not in x-intercepts, when pyruvate concen-
trations were varied. This behavior is consistent with a non-competitive
inhibition mechanism with respect to pyruvate (Fig. S4 b) under the
tested conditions. In contrast, Hanes-Woolf plots obtained by varying
NADH concentration at fixed pyruvate (Fig. 7 b) showed approximately
superimposable curves. However, at a galloflavin concentration of 20
pM, the data suggest a deviation consistent with non-competitive
behavior [86-89]. This observation indicates that galloflavin exerts a
weaker influence on cofactor-dependent steps of the reaction compared
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to substrate-dependent steps.

To further support the selected inhibition patterns, ANOVA-based
comparisons of the Hanes-Woolf regressions were performed for diag-
nostically relevant cases. In particular, NADH-dependent profiles in the
presence of oxamate were analyzed to assess whether the inhibitor
produced systematic cofactor-dependent changes, whereas pyruvate-
dependent profiles in the presence of galloflavin were evaluated to
support the non-competitive pattern inferred from changes in slope and
intercept. These analyses provided statistical support for the observed
trends, although they were used as complementary evidence rather than
as a substitute for global inhibition model fitting. In particular, the
NADH-dependent kinetic profiles obtained in the presence of oxamate
were analyzed to verify the absence of significant changes in the
regression parameters, supporting the conclusion that oxamate does not
appreciably affect cofactor-dependent kinetics. However, statistically
significant differences were detected at some NADH concentrations.
These differences did not follow a coherent inhibitor concentration-
dependent trend in the Hanes-Woolf representation and were not
associated with systematic changes in slope or intercept compatible with
a defined inhibition pattern with respect to NADH. Therefore, these
results were not interpreted as evidence of an NADH-dependent inhi-
bition mechanism. Rather, when considered together with the pyruvate-
variable assays, they support the interpretation that the primary inhib-
itory effect of oxamate is associated with pyruvate-dependent kinetics.

Conversely, the pyruvate-dependent Hanes-Woolf regressions ob-
tained in the presence of galloflavin showed statistically significant
changes in the regression slope, but not in the x-intercept, which is
consistent with the non-competitive inhibition pattern inferred from the
kinetic analysis. These analyses provided statistical support for the
observed trends, although they were used as complementary evidence
rather than as a substitute for global inhibition model fitting.

The corresponding F and p values are reported in the Supporting
Information (Table S3).

In addition to oxamate and galloflavin, the inhibitory effects of NHI-
2, FX11, and gossypol were investigated using the same kinetic
approach. The complete set of linearized plots and corresponding
Michaelis-Menten kinetic curves is reported in the Supporting Infor-
mation (Figs. S4-S6).

NHI-2 induced marked alterations in the kinetic behavior of hLDH-A.
When pyruvate was the variable substrate, Hanes-Woolf plots (Fig. S6 a)
showed concentration-dependent changes in both slope and intercept,
suggesting a mixed inhibition mechanism with respect to pyruvate. This
behavior could indicate that NHI-2 may interfere not only with substrate
binding but also with catalytic turnover. Consistently, the corresponding
Michaelis-Menten curves displayed both a reduction in the apparent
maximum reaction rate and a shift toward higher substrate concentra-
tions at increasing inhibitor levels (Fig. S4 ¢). When NADH was the
variable substrate, NHI-2 did not induce appreciable changes in the ki-
netic behavior at concentrations below 10 pM. In this concentration
range, the kinetic curves (Fig. S5 c) remained essentially superimposable
with the control condition, indicating a negligible influence of the in-
hibitor on cofactor-dependent steps.

Above this threshold concentration, NHI-2 produced significant al-
terations in both slope and intercept of the Hanes-Woolf plots (Fig. S6
b), consistent with the onset of a mixed inhibition mechanism involving
NADH. This concentration-dependent behavior suggests that, at low
inhibitor levels, NHI-2 preferentially affects substrate-related steps of
the catalytic cycle, while higher inhibitor concentrations are required to
significantly perturb cofactor binding and turnover [90]. Such threshold
effects are commonly observed for inhibitors displaying differential af-
finity toward distinct enzyme states or binding modes and are particu-
larly relevant for NAD-dependent dehydrogenases, where the cofactor
often binds with high intrinsic affinity [80,91,92]. The emergence of
mixed inhibition only above a critical inhibitor concentration, therefore,
reflects the hierarchical sensitivity of substrate- and cofactor-dependent
steps within the hLDH-A catalytic mechanism.
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Gossypol showed the strongest inhibitory effect among the tested
compounds. Hanes-Woolf plots obtained by varying pyruvate concen-
tration (Fig. S6 c) displayed substantial increases in slope with
increasing inhibitor concentration, while the x-intercept remained
essentially unchanged. This behavior suggests a predominant non-
competitive inhibition mechanism with respect to pyruvate under the
tested conditions, indicating that gossypol primarily affects catalytic
turnover rather than substrate binding. Similar differential effects have
been reported in kinetic studies of LDH, where gossypol exhibited non-
competitive behavior toward pyruvate [93,94].

When NADH was varied (Fig. S6 d), gossypol exhibited a more
complex and concentration-dependent behavior. At inhibitor concen-
trations below 10 pM, the Hanes-Woolf plots appeared approximately
parallel, suggesting a competitive-like behavior with respect to the
cofactor [95-97]. Above this threshold, however, the linearized curves
became progressively less ordered, with increasing slopes and non-
systematic intercepts, indicative of a mixed-type inhibition mecha-
nism. This transition suggests that, at low inhibitor concentrations,
gossypol may primarily affect cofactor-related kinetic steps, giving rise
to an apparent competitive-like inhibition. At higher concentrations,
additional effects on other steps of the catalytic cycle may become
relevant. Such concentration-dependent shifts in apparent inhibition
modality are consistent with inhibitors that bind with different affinities
to distinct enzyme states, including the free enzyme, substrate-bound
complexes, and cofactor-bound forms. This behavior has been widely
reported for broad-spectrum inhibitors of NAD-dependent de-
hydrogenases and reflects the complex coupling between substrate
binding, cofactor association, and catalytic turnover [9,56,98].

The corresponding Michaelis-Menten curves (Fig. S4 d, Fig. S5 d)
showed a pronounced reduction in apparent maximum reaction rate
mainly at higher concentrations, consistent with strong inhibition of
hLDH-A catalytic activity. These findings align with the well-
documented broad inhibitory profile of gossypol toward de-
hydrogenases and other NAD-dependent enzymes.

FX11 exhibited a distinct inhibition pattern. Hanes-Woolf plot
(Fig. S6 e), obtained by varying pyruvate concentration, revealed a
progressive increase in slope. In contrast, no change in x-intercept was
visible, suggesting a non-competitive inhibition mechanism with respect
to pyruvate. When NADH was the variable substrate, the corresponding
Hanes-Woolf plots showed a pronounced effect on the x-intercept with
comparable changes in slope (Fig. S6 f), suggesting that FX11 exerts a
mixed-type behavior, affecting both the catalytic turnover and the
cofactor binding. The Michaelis—-Menten curves (Fig. S4 e, Fig. S5 e)
confirmed a strong concentration-dependent decrease in apparent
maximum velocity under both experimental conditions. This behavior is
consistent with the reported mechanism of FX11 as a potent LDH in-
hibitor that disrupts enzyme activity through both active-site and allo-
steric interactions.

Overall, the kinetic effects induced by the investigated inhibitors,
including variations in the apparent maximum reaction rate and
Michaelis constant and the corresponding inhibition mechanisms
inferred from Hanes-Woolf analysis, are summarized in Table 2 and
Table 3, regarding Pyruvate and NADH variations, respectively,
providing a comparative overview of their impact on hLDH-A catalytic

Table 2

Summary of the inhibitory effect of the tested compounds when pyruvate was
the variable substrate. The direction of the arrow indicates the change in the
parameter with respect to the uninhibited condition.

Inhibitor Effect on Ry, Effect on Predominant apparent inhibition
max Ky mechanism

Oxamate & A Competitive

Galloflavin v ~ Non-competitive

NHI-2 v v Mixed-type

Gossypol v ~ Non-competitive

FX11 v =~ Non-competitive
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Table 3

Summary of the inhibitory effect of the tested compounds when NADH was the
variable substrate. The direction of the arrow indicates the change in the pa-
rameters with respect to the uninhibited condition.

Inhibitor Effect on Ry, Effect on Predominant apparent inhibition
max Km mechanism
Oxamate ~ ~ No effect
Galloflavin ™~ ~ No effect bel.o.w 20 yM
v ~ Non-competitive at 20 pM
NHL2 ~ ~ N[.J effect below 10 pM
v A Mixed-type above 10 yM
Gossypol v =~ Competitive below 10 pM
P v A Mixed-type above 10 yM
FX11 v A Mixed-type
behavior.

The differences in inhibitory effects underscore the importance of
detailed kinetic analysis for accurately characterizing inhibitor mecha-
nisms beyond simple activity measurements.

To rationalize the inhibition mechanisms identified through kinetic
analysis, three-dimensional representations of the investigated com-
pounds were generated, together with the three-dimensional represen-
tation of hLDH-A, as shown in Fig. 8.

The apparent competitive inhibition exhibited by oxamate is
consistent with its structural similarity to pyruvate, supporting direct
competition at the substrate-binding site. In contrast, the larger and
more structurally complex architectures of galloflavin, gossypol, and
FX11 may support interaction modes involving regions beyond the
substrate-binding pocket. This interpretation is consistent with their

Oxam

1
e

Pyruvate

Galloflavin \\: g‘
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predominantly non-competitive inhibition patterns in the tested condi-
tions. NHI-2, displaying intermediate molecular features, may interact
with multiple enzyme states, consistent with its mixed-type inhibition
profile.

To provide orthogonal structural support to the inhibition mecha-
nisms inferred from kinetic analysis, molecular docking analyses were
performed for the investigated inhibitors [34-36]. Representative
docking poses are reported in Fig. S7, while the main ligand-protein
interactions, including hydrogen bonds with specific amino acid resi-
dues, are summarized in Table S4.

Docking analysis allowed identification of the predicted binding re-
gion occupied by each ligand and of the main interactions established
within the enzymatic pocket. Oxamate was predicted to bind within the
substrate-binding region, forming interactions with residues involved in
substrate recognition. This result is consistent with its competitive in-
hibition toward pyruvate, as inferred from the kinetic analysis. In
contrast, galloflavin, NHI-2, and FX11 showed binding poses involving
residues located outside or adjacent to the substrate-binding region.
These interaction patterns are compatible with non-competitive or
mixed-type inhibition, since they suggest that these compounds do not
simply compete with pyruvate for the substrate-binding site but may
interfere with catalytic turnover and/or cofactor-associated enzyme
states.

In the case of gossypol, docking suggested a possible interaction with
the NADH-associated region, which is compatible with the competitive-
like behavior observed at low inhibitor concentrations when NADH was
varied. However, the kinetic analysis revealed a more complex
concentration-dependent ~ behavior, including non-competitive

NADH

NHI2

FX11

Fig. 8. Structural overview of hLDH-A and investigated ligands. Molecules are shown at comparable scale to highlight differences in size, structural complexity, and
aromatic character. Structures were rendered using UCSF Chimera for qualitative visualization purposes.
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inhibition with respect to pyruvate and mixed-type features at higher
gossypol concentrations. Therefore, gossypol was not interpreted as a
purely competitive inhibitor, but rather as a compound potentially able
to interact with multiple enzyme states or regions within the catalytic/
cofactor-binding environment.

Overall, docking provided qualitative structural support for dis-
tinguishing the competitive behavior of oxamate from the non-
competitive or mixed-type profiles of the other inhibitors by high-
lighting ligand localization and hydrogen-bond interactions with spe-
cific residues. Nevertheless, the inhibition mechanisms were not
assigned on the basis of docking alone.

Beyond qualitative classification of inhibition patterns, inhibitor
potency was quantitatively assessed by determining inhibition constants
for the forward reaction under pyruvate-variation conditions, as
described in Section 2.2.5. The corresponding secondary plots used for
K; extraction are reported in the Supporting Information (Fig. S8), while
the calculated values are summarized in Table 4. In all cases, the sec-
ondary plots showed linear trends compatible with the apparent inhi-
bition patterns inferred from Hanes-Woolf analysis. The inhibition
constants were calculated from the x-intercepts of the respective linear
regressions.

To assess the robustness of K; determination, the regressions under-
lying inhibitor-constant extraction were statistically evaluated. As re-
ported in the Supporting Information (Table S5), the secondary plots
used for K; calculation showed acceptable linearity, supporting the
consistency of the inhibition models used for K; estimation. The asso-
ciated confidence intervals confirmed that the uncertainty of K; deter-
mination did not affect the relative potency ranking of the investigated
inhibitors.

The determined K; values fall within the micromolar range for all
investigated compounds, revealing a clear hierarchy of inhibitory po-
tency toward hLDH-A under forward reaction conditions. Among the
tested inhibitors, gossypol and galloflavin exhibited the lowest K; values,
indicating the strongest affinity for the enzyme in the adopted experi-
mental setup. These values are consistent with previously reported data
describing both compounds as effective LDH-A inhibitors with low
micromolar potency. Manerba et al. reported that galloflavin displays K;
value of 5.64 pM against hLDH-A when evaluated under substrate-
variation conditions [89]. Although the value obtained here is approx-
imately two-fold higher, the differences are reasonably attributable to
variations in buffer composition, enzyme preparation, temperature,
substrate concentration regime, and kinetic modeling assumptions.

Gossypol has been previously described to exhibit an inhibition
constant of approximately 20 pM [94] against LDH-A, when evaluated
under pyruvate-variable conditions. The value reported here is lower,
but therefore in agreement with literature values. However, most recent
studies have reported substantially lower values of the inhibition con-
stant, but they are often determined under NADH-variation conditions
or at specific cofactor concentrations. Since gossypol has been shown to
interact with multiple enzyme states, including cofactor-bound forms,
its apparent inhibitory strength is strongly influenced by the NADH
concentration used during kinetic evaluation. Consequently, direct nu-
merical comparison requires careful consideration of the experimental
configuration adopted in each study.

FX11 displayed a K; of 25.2 pM. In the seminal study by Le et al.,

Table 4

Inhibition constants for the different tested

compounds.
Inhibitor K; (pM)
Oxamate 525+ 2
Galloflavin 15.0 + 0.2
NHI-2 49.1 £3
Gossypol 6.9 +£0.1
FX11 25.2 + 0.9
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FX11 was characterized as an LDH-A inhibitor with a reported K; of
approximately 8 pM, determined under NADH-variation conditions
[99]. The higher K; observed in the present work is consistent with the
different kinetic configuration adopted here, as FX11 has been described
to preferentially interfere with cofactor-dependent steps. Therefore, K;
values determined under pyruvate-variation conditions are not expected
to be directly superimposable with those obtained when NADH is the
variable ligand.

Oxamate exhibited a Ki of 52.5 pM. Fiume et al. reported a Ki of 99
pM for oxamate against human LDH-A, while other biochemical studies
have described values in the several tens of micromolar range depending
on assay conditions [88,100]. The present value is therefore consistent
with its established role as a moderate competitive analog of pyruvate.

NHI-2 showed a Ki of 49.1 pM. In the literature, NHI-2 and related N-
hydroxyindole derivatives are often reported with IC50 values in the low
micromolar range rather than directly measured Ki values [90]. Because
IC50 values depend on substrate concentration and assay configuration,
a direct numerical comparison is not straightforward. Nevertheless, the
micromolar potency observed here remains compatible with previously
described inhibitory activity for this compound class.

To provide a more structured comparison with literature data, the
main quantitative and methodological considerations are summarized in
Table 5.

Overall, the quantitative ranking of inhibitory potency observed in
this study is coherent with previously reported biochemical trends, and
minor numerical differences can be rationalized by differences in kinetic
regime, ligand variation strategy, and experimental conditions.

3.5. Model validation and predictive capability

The proposed kinetic model was evaluated by comparing simulated
NADH concentration profiles and experimental data obtained under
fixed initial conditions. As shown in Fig. 9a and b, the experimental
NADH concentrations, determined using the calibration curve reported
in Fig. S9, exhibit a non-negligible degree of dispersion, which becomes
more pronounced at longer reaction times. This behavior can be ratio-
nalized considering the very low enzyme concentration employed in the
validation experiments, which was deliberately selected to slow down
the reaction kinetics, avoid enzyme aggregation, and enable time-
resolved monitoring. Under these conditions, the absolute variations
in NADH concentration over time are inherently small, and, as a
consequence, the signal-to-noise ratio is reduced. A preliminary com-
parison based on a simplified kinetic model, considering only the for-
ward reaction, revealed poor agreement with the experimental data, as

Table 5
Structured comparison of inhibitor potency with literature benchmarks.
Inhibitor Determined Relative Literature Interpretation
Ki [pM] potency benchmark

Oxamate 52.5 + 2.0 Moderate K; =99 yM Consistent
against hLDH-A  reference
[88,100] inhibitor

Galloflavin ~ 15.0 + 0.2 High Ki = 5.64 yM Comparable
againsthLDH-A  potency range
[89]

NHI-2 49.1 + 3.0 Moderate Low- K; and IC50 not
micromolar directly
IC50 values comparable
reported [90]

Gossypol 6.9 + 0.1 Highest Ki ~ 20 pM Strong
under inhibition,
pyruvate- assay-
variable dependent
conditions [94]

FX11 25.2+0.9 Intermediate Ki ~ 8 yM Mechanism-
under NADH- dependent
variable comparison

conditions [99]




C. Vincenzi et al.

a) Predicted data
B Experimental data
s
E
T
<OE u
zZ
— - +
Ot+———T——7T T T 711
0 60 120 180 240 300 360
t (min)
4
C) Net velocity
— — Competitive inhibition net velocity
\
I\
— \
= \
E3)
= \
L \
()] { \
<< \
=z \
— \
2_ \
\\
\\
1T4+——T—T T 7T
0 60 120 180 240 300 360
t (min)

&

Bioorganic Chemistry 182 (2026) 110489

b Predicted data
i B Experimental data
LR
—~ 3 -
- Ve
E |[m» L]
T
Q2 - +v u
= »
= -
= A-"F l E
1 4
0 e ——r——r——r—
0 60 120 180 240 300 360
t (min)
4
d) Net velocity
— — Non-competitive inhibition net velocity
-\\
\
£341\\
T |\\
(] | \
< \
< \
2 - \\
1 ) L [ [ AR [N R A
0 60 120 180 240 300 360
t (min)

Fig. 9. Experimental validation of the kinetic model and simulation of inhibition effects. (a) Forward-reaction-only model compared with experimental data; (b) net-
rate model compared with experimental data; (c) simulated competitive inhibition (oxamate) and (d) simulated non-competitive inhibition (FX11), compared with
uninhibited net-rate model. Symbols represent experimental data, while lines represent model predictions.

shown in Fig. 9 a, particularly at intermediate and long reaction times.
This result highlights the inadequacy of neglecting reaction reversibility
in the kinetic description of LDH.

In contrast, implementation of the full mechanistic model, based on
the net reaction rate defined as the difference between forward and
reverse contributions, led to a markedly improved agreement with the
experimental observations, as evident from Fig. 9 b. The model captures
both the initial rapid decrease in NADH concentration and the subse-
quent approach to a steady-state regime, demonstrating that explicit
consideration of reversibility is essential to correctly describe the kinetic
behavior of the system. Notably, this level of agreement was achieved
without the inclusion of additional kinetic terms, indicating that the
dominant features of the system can be adequately captured within a
minimal mechanistic framework. The agreement between simulation
and experiment was positive (R% = 0.688; Er < 14%). Nevertheless, the
model considers the dominant NADH consumption trend and provides a
clear improvement over the forward-only kinetic description, support-
ing the importance of explicitly accounting for reaction reversibility.
The R? value was therefore interpreted together with the relative error
(Er < 14%), the dispersion of the validation data, and the intentionally
minimal formulation of the model. In nonlinear biochemical and enzy-
matic modeling, moderate coefficients of determination may also be
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expected, due to experimental variability and complex reaction mech-
anisms [101,102].

The moderate agreement between model and experiment may also
reflect processes not explicitly represented in the minimal framework,
including dynamic conformational transitions. However, explicit
conformational modeling would require independent kinetic or struc-
tural parameters not available in the present study.

These values indicate that the model captures the main qualitative
trend of NADH consumption under the tested conditions, although they
do not support its interpretation as a broadly predictive simulator.
Therefore, the model should be regarded as a qualitative-to-semi-
quantitative mechanistic framework, useful for interpreting the domi-
nant kinetic behavior of the system rather than for accurately predicting
NADH concentration profiles under all possible experimental
conditions.

Although the model captures the main trends of NADH consumption,
a systematic deviation from experimental data is observed at longer
reaction times, where the measured NADH concentration approaches a
higher plateau value than predicted. This discrepancy suggests that
additional processes not explicitly included in the minimal model may
contribute to the late-stage reaction behavior. In fact, as the system
approaches equilibrium, the net reaction rate becomes very small, and
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the concentration profile becomes increasingly sensitive to minor
experimental uncertainties [11]. Under these conditions, even small
absolute deviations in absorbance measurements may translate into
noticeable differences in the estimated NADH concentration. In addi-
tion, the simplified kinetic model assumes ideal behavior and constant
catalytic activity, whereas in real systems, slight deviations from these
assumptions, such as minor enzyme deactivation over time or subtle
shifts in the effective equilibrium position, may contribute to a residual
NADH concentration higher than that predicted by the model [11,103].

The model was intentionally formulated as a minimal mechanistic
description, focusing on the ordered sequential bi-bi mechanism
without including additional effects such as substrate inhibition. How-
ever, an extended version of the kinetic model including substrate and
product inhibition terms was also evaluated. The corresponding disso-
ciation constants were taken from literature data and incorporated into
the denominator of the reversible ordered bi-bi rate equation
[104,105]. The comparison between the extended model and the min-
imal model is reported in the Supporting Information (Fig. S10).

The inclusion of substrate and product inhibition did not appreciably
modify the agreement between simulated and experimental NADH
concentration profiles under the validation conditions adopted in this
work. The temporal evolution of NADH was already adequately
described by the reversible ordered bi-bi model, indicating that reaction
reversibility was the dominant kinetic contribution required to repro-
duce the observed progress curves. Moreover, the additional inhibition
constants were not experimentally determined under the present assay
conditions, and their introduction increased the number of assumptions
and the computational complexity of the model without producing a
measurable improvement in predictive capability.

For these reasons, substrate and product inhibition were acknowl-
edged as experimentally observable phenomena but were not included
in the final kinetic model used in the main analysis. The model was
intentionally maintained as a minimal mechanistic framework able to
integrate forward and reverse catalysis, thermal deactivation, and
inhibitor-dependent effects while preserving parameter identifiability
and interpretability.

Following model validation, the kinetic framework was further
employed to simulate the effect of enzyme inhibition. Competitive and
non-competitive inhibition scenarios were implemented by incorpo-
rating the corresponding inhibition terms into the kinetic equations.
Competitive inhibition was modeled using the inhibition constant
experimentally determined for oxamate, while non-competitive inhibi-
tion was described using the K; value obtained for FX11.

The simulations reveal distinct effects depending on the inhibition
mechanism. In the case of competitive inhibition (Fig. 9 ¢), the presence
of the inhibitor leads to negligible or absent differences compared to the
uninhibited system. This behavior can be rationalized considering the
relatively high pyruvate concentration adopted in the simulations,
which effectively reduces the impact of the competitive inhibitor. Under
these conditions, substrate binding is favored, and the inhibitor, present
at a concentration of 20 pM, does not significantly alter the overall re-
action kinetics.

In contrast, non-competitive inhibition (Fig. 9 d) produces a more
pronounced effect on the reaction dynamics, resulting in slower NADH
consumption and a higher residual concentration at longer reaction
times. This behavior reflects a reduction in the effective catalytic activity
of the enzyme, as non-competitive inhibitors affect both the free enzyme
and enzyme-substrate complexes, independently of the substrate
concentration.

The inhibitor simulations should also be interpreted qualitatively.
Their purpose was to compare the expected kinetic signatures associated
with competitive and non-competitive inhibition within the same
reversible mechanistic framework, rather than to provide fully quanti-
tative predictions of inhibitor-dependent reaction time courses.

Overall, the model captures the expected qualitative differences
between inhibition mechanisms and highlights the strong dependence of
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competitive inhibition on substrate concentration, in contrast with the
more robust effect observed for non-competitive inhibitors.

4. Conclusions

In this study, the kinetic behavior of human lactate dehydrogenase A
(hLDH-A) was systematically investigated through a comprehensive and
mechanistic approach. Steady-state kinetic parameters were determined
for both the forward and reverse reaction under physiological-like
conditions, allowing the identification of intrinsic kinetic constants
within the framework of an ordered sequential bi-bi catalytic
mechanism.

The kinetic analysis revealed a pronounced asymmetry between the
two reaction directions, with the pyruvate-to-lactate conversion dis-
playing a markedly higher catalytic throughput compared to the reverse
reaction. Despite a stronger apparent affinity toward lactate, the reverse
reaction proceeds with significantly lower reaction rates, highlighting
that substrate binding alone does not dictate catalytic efficiency.
Instead, cofactor-dependent steps and associated conformational tran-
sitions emerge as key determinants of enzymatic flux, in agreement with
the central physiological role of hLDH-A in sustaining NAD" regenera-
tion and glycolytic metabolism.

Establishing such a detailed kinetic reference is a prerequisite for any
meaningful evaluation of enzyme inhibition. In the absence of a solid
kinetic framework, apparent reductions in enzymatic activity may arise
from variations in substrate or cofactor availability, changes in kinetic
regime, or experimental artefacts, rather than from genuine inhibitory
effects. This limitation is particularly critical for bi-substrate enzymes
such as lactate dehydrogenase, whose activity reflects a complex
coupling between substrate binding, cofactor association, and catalytic
turnover.

Building on this kinetic framework, the inhibitory effects of a panel
of reference LDH inhibitors were analyzed in detail. The combined
evaluation of Michaelis—-Menten curves and Hanes-Woolf linearization,
supported by a nonlinear fitting of raw data, enabled identification of
predominant inhibition patterns under defined assay conditions,
revealing distinct modes of enzyme perturbation. While oxamate
behaved as a classical competitive inhibitor with respect to pyruvate,
galloflavin, FX11, and gossypol predominantly affected catalytic turn-
over without significantly altering substrate affinity. In contrast, NHI-2
exhibited mixed and concentration-dependent inhibition patterns,
indicative of interference with multiple steps of the catalytic cycle.

The identified inhibition mechanisms were further qualitatively
supported by molecular docking simulations.

Among the tested compounds, gossypol displayed the strongest
inhibitory effect and the most complex kinetic behavior. Its non-
competitive inhibition with respect to pyruvate, combined with a
competitive-like interaction toward NADH at low concentrations and a
transition to mixed inhibition at higher levels, supports a model in which
gossypol binds with different affinities to multiple enzyme states. This
concentration-dependent shift in apparent inhibition modality reflects
the intrinsic coupling between substrate binding, cofactor association,
and catalytic turnover characteristic of NAD-dependent de-
hydrogenases. Ki values were determined under pyruvate-variable assay
conditions and, therefore, they should be interpreted as standardized,
condition-specific inhibition constants.

Based on the experimentally determined kinetic parameters, a
mechanistic model describing the net reaction rate was derived and
validated through comparison with experimental progress curves. The
results demonstrate that explicit consideration of reaction reversibility is
required to capture the main trend of the observed temporal evolution of
NADH concentration, whereas simplified models considering only the
forward reaction fail to reproduce the experimental behavior. Moreover,
the inclusion of additional substrate or product inhibition terms did not
improve the agreement between experimental data and model pre-
dictions under the validation conditions. Therefore, the model was
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intentionally retained as a minimal reversible framework, providing an
interpretable description of the dominant kinetic behavior by balancing
mechanistic interpretability with model simplicity.

Although minor deviations between simulations and experimental
measurements were observed at longer reaction times, the model de-
scribes the dominant kinetic features of the system while maintaining a
minimal mechanistic formulation. Furthermore, the model was able to
qualitatively reproduce the different kinetic effects associated with
competitive and non-competitive inhibition mechanisms.

Overall, this work establishes a robust kinetic framework for the
evaluation of hLDH-A catalysis and its modulation. The known LDH
inhibitors investigated in this study were used as benchmark compounds
to compare different inhibition mechanisms under standardized exper-
imental conditions. The main contribution of the work therefore lies in
the establishment of an experimentally grounded kinetic reference for
hLDH-A, integrating forward and reverse catalysis, substrate and
cofactor dependence, intrinsic kinetic parameters, inhibitor-dependent
kinetic profiles, and reaction reversibility within a single framework.
This integrated approach provides a useful basis for distinguishing
genuine inhibitory effects from assay-dependent or kinetic artefacts. In
addition, the mechanistic model developed in this study reproduces the
main features of the experimental progress curves and highlights the
importance of explicitly accounting for reaction reversibility in the ki-
netic description of LDH. Together, these results enable discrimination
between genuine inhibitory effects and indirect or artefactual changes in
enzymatic activity, thereby supporting the development of enzyme-
based analytical platforms for the screening of potential anticancer
drugs. The kinetic parameters and mechanistic insights reported here
may also facilitate the rational design and optimization of LDH-based
biosensing systems for analytical and biomedical applications.
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