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Abstract
Background

Yeast alcohol dehydrogenase | (YADH) catalyzes the reversible reduction of aldehydes to primary
alcohols. Thermostable YADH variants with broad substrate specificities at elevated temperatures are
desirable for industrial biocatalysis. In this study, we aimed to alter the substrate specificity of YADH to
efficiently catalyze the reduction of the non-native substrate, trans-2-nonenal, to trans-2-nonenol, while
simultaneously enhancing thermostability. Residues around the substrate-binding site were identified by
docking simulation and subjected to saturation and random mutagenesis. Measured activity and
thermostability were used to train a machine-learning model to predict YADH variants with improved
activity and thermostability.

Results

The machine learning-guided approach identified variants with improved properties. Four variants
showed increased specific activity toward trans-2-nonenal compared with the wild type, and one variant
also exhibited improved thermostability. The best-performing variant showed a more than twofold
increase in specific activity along with increased thermal resistance. Variants that lost activity toward the
native substrate acetaldehyde while gaining higher activity toward trans-2-nonenal were also obtained,
indicating altered substrate specificity. These results demonstrate efficient identification of beneficial
mutations from a limited dataset.

Conclusions

Overall, this study presents a machine learning—guided framework that integrates docking and multi-
model evaluation for simultaneously optimizing substrate specificity and thermostability in YADH.

Background

Enzymes are highly specific biocatalysts widely applied in the food, animal feed, pharmaceutical,
medical application, bioremediation, biofuel, and detergent industries [1]. However, the catalytic
properties of natural enzymes, such as stability, activity, and substrate specificity, often require
optimization to meet industrial demands [1]. Various protein engineering strategies have thus been
developed to obtain the desired enzymes.

Enzyme thermostability is crucial from an industrial perspective because improved stability allows
processes to be conducted at high temperatures [2]. However, natural enzymes typically exhibit poor
thermostability [3], and enhanced stability is frequently accompanied by reduced activity [4, 5].
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Importantly, appropriate mutations in or near the active pocket and substrate-binding regions can
simultaneously improve both thermostability and activity in industrial enzymes [3].

In recent years, enzyme engineering has increasingly incorporated machine learning (ML) to explore
sequence—function relationships. ML models trained on experimental data can efficiently identify
beneficial mutations and reduce screening efforts [6—11].

Although many studies have focused on optimizing single properties such as activity or stability, efforts
toward multi-objective optimization are emerging. Simultaneous improvement of properties such as
activity and stability has been explored using composite objectives or strategies accounting for trade-
offs between objectives [12—-14]. However, the general design principles of constructing ML models for
multi-objective optimization are still evolving, and key aspects such as objective formulation and
balancing remain insufficiently explored. From an application perspective, simultaneously improving
multiple enzyme properties is often desirable, particularly for enzymes required to function under non-
native conditions. Although traditional approaches such as directed evolution have been successful,
extending them to multiple objectives typically requires additional experimental effort [15].

Machine learning (ML) provides a promising framework to address this challenge by integrating multiple
properties into a unified optimization process. Therefore, in this study, we applied an ML-based approach
to simultaneously optimize enzymatic activity and thermostability. We further examined strategies for
constructing predictive models for multi-objective optimization, aiming to contribute to the development
of general design principles in ML-guided enzyme engineering.

Yeast alcohol dehydrogenase | (YADH) is an NAD+-dependent enzyme catalyzing the reversible reduction
of aldehydes to their corresponding primary alcohols [16]. It is commercially available and highly active
with ethanol as a substrate [17]; its activity declines with increasing carbon chain length of the alcohol
[18]. YADH is a tetramer composed of four identical subunits, each containing 347 amino acid residues
[19]. Its kinetic, chemical, and physical properties have been extensively studied [16, 18—-22]. Despite its
favorable catalytic properties, its industrial application is limited by poor stability [23-25]. Enhancing its
robustness could make YADH a promising candidate for diverse biotechnological and industrial
applications.

Alcohol dehydrogenases (ADHSs) are widely used for producing value-added compounds, including long-
chain fatty alcohols with applications in the pharmaceutical and healthcare industries, as well as
intermediates relevant to hydrocarbon fuels [23, 26, 27]; their activity toward long-chain substrates can
be enhanced by strategies such as immobilization [23]. However, most ADHs intrinsically prefer short-
chain substrates such as acetaldehyde, which limits their applicability to medium- and long-chain
aldehydes. Therefore, shifting substrate specificity toward longer-chain substrates may help reduce
competition with native cellular reactions and improve their utility in producing value-added compounds.

In this study, we aimed to alter the substrate specificity of YADH by engineering it to catalyze the
conversion of trans-2-nonenal to trans-2-nonenol, while simultaneously enhancing thermostability. Trans-
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2-nonenal is a volatile unsaturated aldehyde responsible for age-related body odor in humans, resulting
from the oxidative degradation of fatty acids in the skin [28]. It has drawn considerable attention in the
cosmetic and healthcare industries as a biomarker of aging and oxidative stress [29]. Its reduced form,
trans-2-nonenol, is less volatile and toxic and has potential applications as a fragrance ingredient [28].
Engineering YADH to catalyze this transformation provides a useful model for expanding substrate range
and offers potential value in industrial bioconversion.

Methods
Strains, media, chemicals, and other materials

Escherichia coli strains NovaBlue (Novagen, Madison, WI, USA) and C41(DE3) (Sigma-Aldrich Co. LLC, St.
Louis, Missouri, USA) were used for DNA manipulation and protein expression analysis, respectively.
Luria-Bertani (LB) broth (Difco; Franklin Lakes, New Jersey, USA) and Terrific broth (TB; Sigma-Aldrich; St.
Louis, Missouri, USA) were used as growth media. Chemicals were purchased from Sigma-Aldrich (St.
Louis, MO, USA), Tokyo Chemical Industry (Tokyo, Japan), and Nacalai Tesque Inc. (Kyoto, Japan).
Polymerase chain reaction (PCR) was performed using PrimeSTAR Max (Takara Bio, Shiga, Japan). Gene
assembly with the respective plasmids was performed using the NEBuilder HiFi DNA Assembly Master
Mix (New England Biolabs, Ipswich, MA, USA). Primers were synthesized by Eurofins Genomics (Tokyo,
Japan), and their sequences are listed in Table S1. DNA sequences were analyzed by Eurofins Genomics.
Synthetic genes were purchased from Thermo Fisher Scientific (Life Technologies, Carlsbad CA, USA).

Construction of pCold-YADH

The synthetic yadh gene (UniProtKB entry P00330 [30]) was cloned into the Ndel and Xhol sites of pColdl
to yield pCold-YADH. The product was then used to transform E. coli JM109 cells.

Site-directed mutagenesis of YADH

Site-specific mutations were introduced using PrimeSTAR Max with primers designed for PCR (Table
S1). The PCR mixture (20 pL) contained 0.4 pL primers, 0.4 pL template plasmids, 8.8 pL distilled water,
and 10 pL PrimeStarMax solution. The cycling conditions were as follows: 98°C for 1 min; 30 cycles of
98°C for 10 s, 65°C for 5 s, and 72°C for 30 s; and a final extension at 72°C for 7 min. The resulting PCR
products were incubated with Dpnl to remove the template DNA. The product was used to transform E.
coli JM109 cells. The mutations were confirmed by DNA sequencing. Recombination mutagenesis was
performed using a single-point mutant plasmid as the template.

Purification of recombinant YADH
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Escherichia coli C41(DE3) harboring pColdl-YADH was pre-cultured overnight in LB broth containing 100
pug/mL ampicillin at 37°C. The culture was transferred to TB containing 100 pg/mL ampicillin and
incubated at 37°C until the ODg, reached 0.4. The cells were cooled on ice, and gene expression was
induced using 0.1 mM isopropyl B-D-thiogalactopyranoside at 15°C for 24 h. Cells were harvested by
centrifugation, lysed using B-PER™ Bacterial Cell Lysis Reagent (Thermo Fisher Scientific) with DNase (5
U/mL) and lysozyme (10 mg/mL), and cell debris was removed by centrifugation. The supernatant was
purified using TALON affinity resin (Takara, Shiga, Japan). Recombinant YADH was eluted using lysis
buffer (20 mM Tris, 200 mM NacCl, and 20% [v/v] glycerol; pH 8.0) containing 500 mM imidazole, dialyzed,
and analyzed using sodium dodecyl sulfate (SDS)-sulfate-polyacrylamide gel electrophoresis (PAGE)
(Figure S1).

Enzyme assay of alanine-substituted YADH-variants

The dehydrogenation activity of YADH was assayed at 30°C. The reaction mixture (0.1 mL) contained 83
mM potassium phosphate buffer (pH 7.3), 40 mM KCI, 0.25 mM EDTA, 2 mM NADH, and 20 mM trans-2-
nonenal. The reaction was initiated by adding YADH (6 uM), and the decrease in NADH absorbance was
monitored at 340 nm wavelength.

Enzyme assay of the YADH-library and obtained YADH-
variants

The dehydrogenation activity of YADH was assayed at 30°C. The reaction mixture (0.1 mL) contained 83
mM potassium phosphate buffer (pH 7.3), 40 mM KCI, 0.25 mM EDTA, 4 mM NADH, and 10 mM trans-2-
nonenal. The reaction was initiated by adding YADH (100 nM), and the decrease in NADH absorbance
was monitored at 340 nm wavelength.

Kinetics study

The steady-state kinetic parameters of YADH were calculated by measuring the initial velocity of the
decrease in NADH absorbance. The reaction mixture (0.1 mL) containing 83 mM potassium phosphate
buffer (pH 7.3), 40 mM KCI, 0.25 mM EDTA, 0.5 mM NADH, and various concentrations of trans-2-
nonenal (0, 0.25, 0.5, 1, 2, 4, 8, 12, 20, 40, or 60 mM) was incubated for 10 min at 30°C. The reaction was
initiated by adding an appropriate concentration of YADH (100 nM), and the decrease in NADH
absorbance was monitored at 340 nm wavelength. The kinetic parameters were determined by nonlinear
regression fitting of the initial velocity versus substrate concentration data to a substrate inhibition
model:

V=Vmax [S]/ (K + [S] (1 + [SI/K)),
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where Vmax is the maximum velocity, K, is the Michaelis constant, and K; is the substrate inhibition
constant. Curve fitting was performed using nonlinear least-squares regression implemented in Python.

Substrate specificity assay

YADH dehydrogenation activity was assayed at 30°C. The reaction mixture (0.1 mL) contained 83 mM
potassium phosphate buffer (pH 7.3), 40 mM KCI, 0.25 mM EDTA, 4 mM NADH, and 10 mM
acetaldehyde, propionaldehyde, butylaldehyde, valeraldehyde, hexanal, heptanal, octanal, trans-2-nonenal,
or trans-2-decenal. The reaction was initiated by adding YADH (100 nM), and the decrease in NADH
absorbance was monitored at 340 nm wavelength.

Thermal shift assay

A thermal shift assay was performed using a LightCycler 96 RT-PCR instrument (Roche Diagnostics K.K.,
Basel, Switzerland) to monitor protein thermal unfolding in the presence of a fluorescent probe from the
Protein Thermal Shift™ Dye Kit (Thermo Fisher Scientific). Briefly, 10 uL of the protein—dye solution was
dispensed into a 96-well microplate. The final concentrations in each well were 3 pg of YADH and 20x
dye. The excitation and emission filters were set at 577 and 620 nm, respectively. The assay was
conducted over a temperature range of 37-98°C, at a linear heating rate of 0.07°C/s. Melting
temperatures (T\, values) were determined using the LightCycler® 96 Application Software (Roche
Diagnostics).

Machine Learning Models for Predicting Activity and
Stability

Amino acid variants containing five mutation sites were encoded using physicochemical descriptors (z-
scale [31], VHSE [32], T-scale [33], ST-scale [34], MS-WHIM [35], FASGAI [36], BLOSUM [37], and ProtFP
[38]). Descriptor vectors for each position were concatenated into a single feature vector and
standardized prior to model training.

Relative activity was defined as the ratio of the specific activity of each variant to that of WT-YADH.
Variants with relative activity below the detection limit (0.01) were excluded from regression model
training and treated as inactive in a separate classification model. The regression target was defined as:

y = log,({relative activity} + 0.01)

Multiple machine-learning algorithms, including Random Forest, LightGBM, and support vector

regression (SVR), were evaluated for activity prediction. Model performance was assessed using

Spearman’s rank correlation coefficient and ranking-based metrics. Hyperparameters were optimized

using grid search using five-fold cross-validation, with model selection based primarily on Spearman’s

rank correlation coefficient. Regression performance was evaluated using Spearman'’s rank correlation

coefficient (p), together with ranking-based metrics reflecting experimental screening utility: (i) the
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median experimentally measured log2-transformed relative activity of the top 10% of variants ranked by
predicted score, compared with the overall dataset median, and (ii) the fraction of the top 10% of variant
exhibiting activity greater than WT, as an indicator of enrichment for beneficial variants.

For activity classification, variants with relative activity > 0.01 were labeled as active and those below the
detection limit as inactive. A support vector classifier (SVC) with a radial basis function kernel was
trained to estimate the probability of activity. Classification performance was evaluated using the area
under the receiver operating characteristic curve (ROC-AUC) and top-k (10, 20, and 30%) recall, defined
as the proportion of experimentally active variants recovered among the top-k highest-confidence
predictions.

Thermal stability was quantified as:

ATy = T, variant = Tm, wr
and modeled using SVR.

redictions from the activity regression, activity classification, and thermostability models were integrated
into a single ranking score:

Final Score = P,jyeXAxexp(ATy/T)

where Py IS the probability of activity predicted by the classification model, A is the predicted activity
from the regression model, and ATy, is the predicted thermal stability difference. The exponential term
acts as a penalty for destabilizing mutations, with T controlling the tolerance to thermal stability loss.

Thermostability assays

The protein half-inactivation temperature (T5,) was defined as the temperature at which the enzyme lost
50% of its initial activity after heating. The T5, values were measured in the range of 55-75°C. The
enzyme concentration was adjusted to 100 nM, and the purified enzymes were incubated at 55, 60, 65,
70, or 75°C for 10 min and cooled on ice for 5 min. Residual activity was determined as described above
and compared with that of the untreated enzyme, which was set at 100%. The Tzy-value was calculated

by curve fitting. To determine enzyme decay at elevated temperatures, the enzyme solution was
incubated at 60°C for various time intervals, and the remaining activity was measured at each time point.
The half-life (t;/, ¢9-c) Was derived from the inactivation curve, defined as the time at which YADH lost

50% of its activity at a given temperature.
Docking simulation of YADH and trans-2-nonenal

The three-dimensional protein structure of YADH (PDB ID: 4w6z [19]) was obtained from the RCSB
Protein Data Bank. The ligand structure was generated using ChemSketch and OpenBabel [39], and polar
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hydrogen atoms were added using AutoDock Tools suite. Docking simulations were performed using the
general docking tool in AutoDock 4.2.6 [40].

Docking simulation of the modeled WT-YADH, YADH-
Y119F, YADH-M270G, and YADH-LWFMY

The three-dimensional protein structures of YADH variants were modeled using the local ColabFold
environment [41]. The ligand structure was generated using ChemSketch and OpenBabel [39], and polar
hydrogen atoms were added using the AutoDock Tools suite. Docking simulations were performed using
the general docking tool in AutoDock4.2.6 [40]. The Grid box parameters were set as center_x = 88.453,
center_y =-8.546, center_z = 44.035, size_x = 30, size_y = 30, and size_z = 44.

Results

Selecting sites for mutagenesis by docking simulation

Yeast alcohol dehydrogenase (YADH) was selected as the template enzyme for trans-2-nonenal
reduction. YADH-mediated dehydrogenation requires both NADH and Zn?*. YADH substrate specificity
was determined based on the residues surrounding the substrate-binding pocket. The NICOTINAMIDE-8-
IODO-ADENINE-DINUCLEOTIDE (8ID)-bound YADH structure (PDB ID: 4w6z [19]) was used. A model of
YADH bound to trans-2-nonenal was generated using AutoDock4.2.6 [40]. In the constructed trans-2-
nonenal-bound YADH model, residues T45, W54, L56, H66, W92, Y119, C153, M270, Y294, and V295 were
located within 4 A of trans-2-nonenal (Fig. 1). To select the amino acid residues for mutagenesis, YADH
variants were constructed with alanine substitutions at these positions (except for H66 and C153, which
are coordinated with catalytic zinc and are thus essential for activity [15]). Their relative activities
compared with that of wild type YADH (WT-YADH) were measured by monitoring NADH depletion in the
presence of trans-2-nonenal. The relative activities of YADH were defined by the relative absorbance (=
[(absorbance value of YADH-variant)/(absorbance value of WT-YADH)]). YADH-T45A and YADH-V295A
showed lower relative activities than that of WT-YADH, whereas YADH-W54A, YADH-W92A, YADH-Y119A,
YADH-M270A, and YADH-Y294A showed relatively higher relative activities (Fig. 2). Five residues with the
highest relative activity after alanine substitution (W54, W92, Y119, M270, and Y294) were selected for
further analysis.

The amino acid residues surrounding the substrate are shown as sticks. The amino acid residues
selected for mutagenesis are shown in red. The sphere indicates the zinc ion. Trans-2-nonenal and
nicotinamide-8-iodo-adenine-dinucleotide (8ID) are shown in light blue and yellow, respectively.

Relative activities of YADH variants with alanine substitution at the substrate pocket residues were
analyzed. Data are presented as the mean + standard deviation of three independent experiments.

Preparation of training data
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For training data acquisition, we constructed a library of 190 YADH variants with substitution at five
amino acid residues (W54, W92, Y119, M270, and Y294). This included all single amino acid-substituted
YADH variants at five residues (19 amino acid substitution x five residues = 95 variants) and YADH
variants with multiple amino acid substitutions at five residues. Hereafter, we describe the substitutions
of W54, W92, Y119, M270, and Y294 as five letters. For instance, a variant with W54A, W92A, Y119A,
M270A, and Y294A is described as YADH-AAAAA. Dehydrogenase activity toward trans-2-nonenal was
evaluated by monitoring NADH consumption as a decrease in absorbance at 340 nm. The relative
activity of YADH was defined as:

Relative specific activity = (Specific activity of YADH variant) / (Specific activity of WT-YADH) (1)
The relative thermal stabilities of YADH variants were defined as:

ATy, = (T value of YADH variant) - (T, value of WT-YADH). (2)

To minimize inter-experimental variability in the enzyme assays, the substrate concentration was fixed at
10 mM, corresponding to approximately 5-10 times the Km value of the WT-YADH [14]. Further, the WT-
YADH was included as a control in each experiment, and variant activities were normalized by the
specific activity of WT-YADH measured under the same conditions.

We identified 18 YADH variants with higher activities and three with higher thermostabilities than those
of WT-YADH. When W54 was substituted, YADH-W54F, -W54G, -W54H, -W54I, -W54L, -W54M, -W54Q, -
W54S, -W54V, and -W54Y showed higher activity but lower thermostability than that of WT-YADH (Figure
S2A). When W92 was substituted, YADH-W92G exhibited higher activity but lower thermostability than
that of the WT-YADH (Figure S2B). Notably, we obtained YADH-Y119F, which showed modest
improvements in both activity and thermostability (Figure S2C). YADH-Y119W showed increased
thermostability though it showed lower activity than that of WT-YADH. Although YADH -M270G, -M270N, -
M270Q, -M270S, and -M270V showed higher activity, only YADH-M270L showed increased
thermostability, whereas the other variants showed reduced thermostability compared with that of WT-
YADH (Figure S2D). Substituting Y294 with other amino acids resulted in the reduction of both activity
and thermostability (Figure S2E). We also obtained two YADH variants with multiple substitutions that
showed increased relative activity, but most YADH variants with multiple substitutions showed reduced
activity or complete loss of activity (Figure S2F-J).

In total, 19 YADH variants exhibited improved activity toward trans-2-nonenal, while three YADH variants
showed enhanced thermostability (Fig. 3, Figure S2).

The relative activities and thermostabilities of 190 YADH variants with single or multiple amino acid
substitution were analyzed.

Construction of a machine-learning model for the dual
optimization of YADH activity and thermostability
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To construct a machine-learning framework for the simultaneous optimization of catalytic activity and
thermostability, multiple combinations of amino acid descriptor sets and machine-learning algorithms
were evaluated. Among the tested combinations, Support Vector Regression (SVR) with z-scale
descriptors achieved the highest predictive performance for activity prediction and was therefore
selected for further optimization (Figure S3(a)). Hyperparameter tuning further improved Spearman'’s
rank correlation coefficient, indicating enhanced preservation of the relative ordering of variants. It also
improved ranking-based metrics directly relevant to experimental screening efficiency, including the
median activity among the top 10% of model-ranked variants and the enrichment of variants
outperforming WT within this subset (Figure S3(b) and Table S3(a)).

To account for variants with activities below the experimental detection limit, we additionally trained a
binary Support Vector Classifier (SVC) to distinguish active from inactive variants. Performance was
assessed using ROC-AUC and top-k recall, the latter quantifying the proportion of experimentally active
variants recovered among the highest-confidence predictions (Figure S3(c) and Table S3(b)).

An additional SVR model was trained to predict changes in thermal stability (AT,,). Although most
mutations reduced thermostability, incorporating predicted ATy, as a penalty term enabled balanced

prioritization of variants with improved activity while avoiding severely destabilizing substitutions (Figure
S3(d)).

The activity regression, activity classification, and thermostability prediction models were integrated to
rank all variants in the unexplored combinatorial sequence space (20° combinations). Based on the
integrated ranking score, the top 22 candidate variants were selected for experimental validation (Data
S1).

Experimental evaluation of YADH variants predicted to
have high activities

The top 22 YADH variants predicted to have activity comparable to or higher than that of WT-YADH (Data
S1) were experimentally evaluated for relative activity and thermal stability (Fig. 4 (a)). YADH-LWMMY
was excluded from further analysis because no soluble protein was detected. Among the analyzed YADH
variants, four YADH variants (YADH-FWMMY, YADH-FWYGY, YADH-LWFMY, and YADH-YWYGY)
demonstrated higher activity than that of WT-YADH, and one of them (YADH-LWFMY) also showed
improved thermal stability (Fig. 4 (b)).

Kinetic study of the obtained YADH variants

Subsequently, kinetic and substrate specificity analyses were performed for the selected variants, as well
as for variants containing the corresponding single amino acid substitutions. Further, comprehensive
thermal stability characterization was performed for the variant exhibiting both enhanced activity and
improved stability.
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The kinetic parameters of the purified YADH variants with respect to trans-2-nonenal were determined at
30°C (Table 1). Compared with the kinetic parameters of WT-YADH (K\; = 1.5+ 0.3 mM; k,; = 1479 + 231

(min)), other YADH variants showed similar kinetic parameters except for YADH-LWFMY (Ky, = 13.0
3.3 mM; k., = 25187 + 6012 (min™)) (Table 1, Figure S4)).

WT FWMMY FWYGY LWEMY YWYGY
Kyt (mM) 1.5+0.3 2.9+0.2 2.340.3 13.0+3.3 1.2+0.1

Ki (mM) 41.3=11.1 30.1£2.9 40.1£9.7 2.320.7 59.2£5.6

e (min ) 14792231 4747=182 6010+390 251876012 3296=60
fea/ K (min ' mM™) 10072247 1657+117 2569+369 1934669 2735133

WS54F W54Y W54L Y119F Y119M M270G

Kyt (mM) 1.30.1 0.6=0.1 2.00.1 2.4+0.1 2.0+0.1 1.6+0.1
K (mM) 53.5+5.9 69.6258  34.9%6.1 48.7+6.0 67.2+5.3 41.1%6.3
kecat (min™) 57374269  847-96 6670+337  1509=57 2523458 2726+86
kea/Kng (min 'mM) 45592451 14192333 33042283  629+41 1254=53 1670=90

Tablel. Kinetic parameters of YADH variants. Data are presented as the mean = standard deviation of

three independent experiments.

Substrate specificity analyses of YADH variants

The substrate specificities of YADH-variants were evaluated using a series of aldehydes with chain
lengths ranging from C2 to C10 (acetaldehyde, propionaldehyde, butylaldehyde, valeraldehyde, hexanal,
heptanal, octanal, trans-2-nonenal, and trans-2-decenal respectively) (Fig. 5). WT-YADH exhibited high
specificity toward short-chain aldehydes (C2-C4). In contrast, YADH-FWMMY, YADH-W54F, and YADH-
W54L showed a broadened substrate specificity toward longer-chain aldehydes (C5-C6), accompanied
by an overall increase in relative specific activity. YADH-Y119F and YADH-Y119M exhibited substrate
specificity profiles similar to those of WT-YADH; however, their activities toward short-chain aldehydes
were notably enhanced.

Interestingly, YADH-FWYGY and YADH-YWYGY had lost activity toward the native substrates (C2—-C4)
and instead displayed enhanced activity exclusively toward longer-chain aldehydes (especially toward
heptanal and trans-2-nonenal), suggesting a shift in substrate specificity toward longer-chain substrates.

Among the corresponding single amino acid substitutions, YADH-M270G exhibited activity only toward
C7 and C9 aldehydes.

Thermostability analysis of YADH variants
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The thermostabilities of WT-YADH, YADH-Y119F, and YADH-LWFMY were compared. After a 10-min
incubation at 55-75°C, the activity of WT-YADH decreased sharply relative to that of YADH-Y119F and
YADH-LWFMY. The T, values of YADH-Y119F and YADH-LWFMY were 59.8 +1.3°C, and 60.7 £ 0.4°C
respectively, which were approximately 3°C higher than that of WT-YADH (57.0 £ 0.3°C) (Fig. 6(a)). At
60°C, the ty,, 60:c) Of YADH-Y119F and YADH-LWFMY were 29 min and 19 min respectively, which were
more than 1.4 ~ 2.2 times higher than that of WT-YADH (13 min) (Fig. 6(b)). These results indicate that
the Y119F substitution enhanced YADH thermostability.

Comparison of the structures of WT-YADH, YADH-Y119F,
YADH-M270G, and YADH-LWFMY

To investigate the mechanism underlying the increased activity of YADH in the catalysis of trans-2-
nonenal, we compared the three-dimensional structures of WT-YADH, YADH-Y119F, YADH-M270G, and
YADH-LWFMY (Fig. 7) and performed docking simulation of each YADH variant with trans-2-nonenal.
Comparison of WT-YADH with YADH-Y119F revealed minimal structural differences (Figure. 7 (a)), and
the minimum binding energy was largely unchanged (wild type: -4.23 kcal/mol; YADH-Y119F: -4.19
kcal/mol). In contrast, comparison with YADH-M270G showed that substituting methionine with glycine
enlarged the substrate-binding pocket (Fig. 7 (b)). The minimum binding energy was largely unchanged
(YADH-M270G: -4.29 kcal/mol). For YADH-LWFMY, the substrate entrance appeared slightly widened
relative to that of the wild type (Figure. 7 (c)), accompanied by a slight decrease in the minimum binding
energy (YADH-LWFMY: -4.34 kcal/mol).

Discussion

In this study, machine learning models were constructed to predict YADH variants with enhanced activity
toward the non-native substrate trans-2-nonenal and with enhanced thermostability. Although not all
predicted variants showed improved activity experimentally, several variants exhibited substantially
higher activity than WT-YADH, demonstrating that the model was able to efficiently enrich beneficial
variants from a relatively small candidate set despite the limited and imbalanced training data.

The discrepancy between predicted and experimental activities likely reflects the scarcity of highly active
variants in the training dataset. Because most multi-substituted variants in the dataset exhibited reduced
activity and stability, prediction of rare high-performance variants remained challenging. Nevertheless,
compared with exhaustive combinatorial approaches, the present strategy substantially reduced the
experimental search space while still enabling identification of improved variants. Future performance
may be improved by iterative incorporation of experimentally validated high-activity variants to
progressively rebalance the training distribution and refine model generalization.

Interestingly, several variants also exhibited altered substrate specificity toward longer-chain aldehydes.
In particular, YADH-FWYGY and YADH-YWYGY lost substantial activity toward native short-chain
substrates while showing enhanced activity toward heptanal and trans-2-nonenal. Structural analyses
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suggested that substitutions such as M270G enlarged the substrate-binding pocket or substrate
entrance, potentially facilitating accommodation of bulky long-chain aldehydes. Since long-chain
aldehydes are important intermediates in microbial production of fatty alcohols and hydrocarbon-related
compounds, such substrate specificity shifts may improve compatibility with industrial bioproduction
systems.

The kinetic analyses further suggested that the screening conditions strongly influenced the properties
of the selected variants. Because the training data were generated using relatively high substrate
concentrations (10 mM), variants with improved performance under high-substrate conditions were likely
preferentially enriched. Consistent with this possibility, YADH-LWFMY exhibited markedly increased kcat
together with elevated Km values. Although the increased Km indicates reduced substrate affinity at low
substrate concentrations, such a shift toward higher substrate concentrations may be advantageous
under industrial reaction conditions, where high substrate loading is often used to maximize productivity.

Notably, several predicted variants retained substantial thermostability despite containing multiple
substitutions, and YADH-LWFMY exhibited simultaneous improvement of both activity and
thermostability. Because enhancement of catalytic activity is frequently accompanied by reduced protein
stability, this result suggests that machine learning—guided approaches may help identify mutational
combinations that partially overcome the conventional activity—stability tradeoff.

Conclusions

In this study, we applied a machine learning—based approach to predict enzyme variants with improved
activity and thermostability. Despite limited predictive accuracy, likely because of constraints in the
training data, the model enabled efficient identification of variants with relatively high activity from a
small candidate set. Notably, despite the generally deleterious effects of multiple mutations on activity
and thermostability, the predicted variants largely retained both properties. Remarkably, we also obtained
YADH variants in which substrate specificity was completely shifted from the native C2 substrate,
ethanol, to a non-native C9 trans-2-nonenal. Structural analyses suggest that substitutions of larger
amino acids with smaller amino acids may expand the substrate-binding pocket or entrance,
contributing to these functional changes. Overall, this approach provides a useful framework for
identifying variants that balance activity and stability, although improvements in training data are
important for further enhancing predictive performance.
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Figure 1

The substrate pocket of YADH (PDB ID:4W6Z)
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Relative activities of alanine-substituted YADH variants
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Experimental (a) relative specific activity and (b) thermostability of YADH variants predicted to be
highly active. Data are presented as the mean + standard deviation of three independent experiments.
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Figure 5

Substrate specificity of the top four YADH-variants and YADH-variants with the corresponding single
amino acid substitutions. Data are presented as the mean * standard deviation of three independent
experiments.
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Figure 6

Thermostability of WT-YADH and YADH-Y119F

(a) Ty values of WT-YADH and YADH-Y119F. (b) t(4 5, 79-c) values of WT-YADH and YADH-Y119F. Data are
presented as the mean * standard deviation of three independent experiments.

(@) (b)
8iD A, ? Zn giD ‘% Zn I —
t.\: o 4 ‘u” o w ;@m trans-2-nonenal

trans—2—nonenal§ trans-2-nonenal #

y & .'
oV e O L, OF
If‘1‘1‘i9 F11 anﬂ Zn

627{]

(C)

8D ) r \1‘-\_’ -

e

Figure 7

Structural comparison of (a) WT-YADH (blue) and YADH-Y119F (yellow), (b) WT-YADH (blue) and YADH-
M270G (green), and (c) WT-YADH (blue) and YADH-LWFMY (magenta), highlighting mutation-induced
local structural rearrangements around the substrate-binding pocket.
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