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Supplementary Figure 1 Data analysis for in vitro kca values collected from the BRENDA and

the SABIO-RK database after several rounds of data preprocessing, cleaning and combination. (a)

Data distribution of in vitro ke values. (b) Classification of in vitro kca: values based on the first

digit of EC number. (c) Classification of in vitro ke values based on species.
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BRENDA SABIO-RK

22 683 entries

69 140 entries ‘ remove duplicates

, 21 627 unique entries
remove duplicates
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multiple measurement ‘ remove data with weird unit
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remove duplicates l
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remove duplicates by l
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Supplementary Figure 2 Data cleaning process for deep learning model input.
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29  Supplementary Figure 3 Performance of the deep learning model on the (a) validation dataset
30  and (b) test dataset by running five times of random splitting.
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Supplementary Figure 4 Learning curves with various hyperparameters on the validation dataset,

including (a) various r-radius subgraphs and n-gram amino acids, (b) various dimension vectors

and (c) various numbers of layers in GNN and CNN.
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Supplementary Figure 5 Deep learning model performance for kca prediction. (a) Performance
of the final deep learning model on test dataset. The correlation between predicted kca: values and
those present in the test dataset was evaluated. The brightness of colour represents the density of
data points. (b) Performance of the final deep learning model on subset of test dataset where either
the proteins sequence or the substrates were not involved in the training data set. In a-b, Student’s
t test was used to calculate P value for Pearson’s correlation. (¢) Cumulative distribution of deep
learning-based kcar values for enzyme-substrate pairs belonging to different metabolic contexts.
Abbreviations: CE, carbohydrate and energy; AFN, amino acids, fatty acids, and nucleotides. (d)
Enzyme promiscuity analysis on test dataset. For enzymes with multiple substrates, we divided
the substrates as preferred and alternative by their experimental measured ke, then used the
predicted kcae values for this boxplot. Random substrates were randomly chosen from the
compound dataset in our training data except the documented substrates and products for the tested

enzyme. A two-sided Wilcoxon rank sum test was used to calculate P value. In the boxplot, the



52 central band represents median value, box represents the upper and lower quartiles, and the
53  whiskers extend up to 1.5 times the interquartile range beyond the box range.
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Supplementary Figure 6 Comparison of ke values for wildtype and mutated enzymes and
prediction performance for both types of enzymes on test dataset. (a) Cumulative distribution of
experimentally measured kce values for wildtype and mutated enzymes. (b) Prediction
performance of kca values for all of the wildtype enzymes via deep learning model. The brightness
of colour represents the density of data points. (c) Prediction performance of kc.: values for all of
the mutated enzymes via deep learning model. The brightness of colour represents the density of

data points. Student’s t test was used to calculate P value for Pearson’s correlation for b-c.



63
64

65
66
67
68
69
70

Outgroup
Lipomycetaceae
Trigonopsidaceae
Dipodascaceae
Alloascoideaceae
Sporopachydermia
Pichiaceae

CUG-Ala

CUG-Ser1

CUG-Ser2
Phaffomycetaceae
Saccharomycodaceae
Saccharomycetaceae

Supplementary Figure 7 Comparison of (a) protein number, (b) enzymatic reaction number and
(c) substrate number in deep learning predicted kca: profiles of 343 yeast/fungi GEMs. The x-axis
represents the outgroup (11 species) together with 12 major clades divided by the genus-level
phylogeny for 332 yeast species. In each boxplot (a-c), the central band represents median value,

box represents the upper and lower quartiles, and the whiskers extend up to 1.5 times the
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Supplementary Figure 8 Evolution analysis of predicted ke values for 343 yeast/fungi species.
(a) Enzyme ke values linked with generalist and specialist in the GEMs for all 343 yeast/fungi
species. (b) Enzyme ke values linked with the ratio of non-synonymous to synonymous
substitution (dN/dS) analysis for all of 343 yeast/fungi species. The x-axis represents the outgroup
(11 species) together with 12 major clades divided by the genus-level phylogeny for 332 yeast
species. The cut-off of 0.15 was set according to the distribution of dN/dS values in these species.
In each boxplot (a-b), the central band represents median value, box represents the upper and lower
quartiles, and the whiskers extend up to 1.5 times the interquartile range beyond the box range. A
two-sided Wilcoxon rank sum test was used to calculate P value. *** means P value < 0.001 in

the correlation test analysis.
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Supplementary Figure 9 Bayesian approach related information. (a) Species analysed in this
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study. (b) Collected growth phenotype data based on carbon source.
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Supplementary Figure 10 Validation of SMC-ABC approach. In this validation approach, data
of 50% of experimental points were used to update the Prior and then tested on the remaining 50%.
The split was done by first sorting all the data based on growth rates, then choosing the ones with
even index for training and others for test. Root mean square error (RMSE) was calculated as
described in Methods. Lines indicate median values and shaded areas indicate regions between the

5-th and 95-th percentiles (n=100).

12



96
97

Q
N

RMSE in each generation
[¢>]

[e0]
>

10 20 30 40 50
Generation

-5

PC2 (0.6%)

-10

-15

s
3
. 3

O Prior
o) O Posterior
Intermediates

-20 -10 0 10 20

e 5000
4000
300

200

Varaiance distribution
S
o

PC1 (2.2%)

== Prior
== Posterior

AN,

0
0 0.5 1 1.5 2

kca variance in log10 scale

t

13

Exchange rate[mmol/gDW/h]

Number of changed enzyme

log10 (Posterior mean kg4t value /s)

1000

500

-2 /

-4

carbon dioxide exchange
ethanol exchange

D-glucose exchange
O Experimental
— Simulated

[e)

[}

0@
0 0.1 0.2 0.3 0.4
Dilution rate[1/h]

N <,
'o“\r& Q'&\'&(\
N

/

-4 -2 0 2 4 6

log10 (deep learning predicted
Keat Value 1/s)



98

99
100
101
102
103
104
105
106
107
108
109
110
111
112

Supplementary Figure 11 Bayesian modelling training performance for Y. lipolytica ecGEM. (a)
Root mean square error (RMSE) for phenotype measurement and prediction during Bayesian
training process. (b) Simulated exchange rates by Posterior-mean-ecGEM (line) compared with
experimental data (dot). kca values in the Posterior-mean-ecGEMs are mean values from 100

sampled Posterior datasets obtained from the Bayesian training process. (c¢) Principal component
analysis (PCA) for kca datasets sampled during the Bayesian training approach, showing the
progression from Prior to Posterior dataset. Each parameter in the set was standardized by
subtracting the mean and then divided by the standard deviation before PCA. In blue are 100
sampled Prior datasets; in red are 100 sampled Posterior datasets; in grey are all other intermediate
datasets. (d) The number of enzymes with a significantly changed mean (Sidak adjusted Welch’s
t test P<0.01, two-sided) and variance (Sidak adjusted one-tailed F-test P <0.01) between
sampled Prior and Posterior ke datasets. (e) Variance distribution comparison for Prior and
Posterior distribution. (f) Correlation between deep learning predicted kcac and Posterior mean kcat.

Student’s t test was used to calculate P value for Pearson’s correlation

14



113
114

115
116
117
118
119

1 2 1
2 &
°

€ s T 0.8
N €
S S

5 06 S 06
w— [0}
S S

S 04 © 0.4
[0} ()]
3 g

© 02 2o2
8 3
x s
é<8

Original DL&Posterior Original DL&Posterior

o

—
o
o
o

4
[o] 7’

. .. 4
Species = S. cerevisiae s+

0.5
8 meanerror = 0.0059 o .,
N=25 ) /
0.4 o8
[o 0] ,/
4 /8 o

o
[
gbb

RMSE for phenotype prediction
(o]
o

Simulated growth rate [1/h]
o
w

0 |
Original DL Posterior

0 0.2 0.4 0.6
Experimental growth rate [1/h]

Supplementary Figure 12 Evaluation of three ecGEM modelling approaches including original-
ecGEM, DL-ecGEMs and Posterior-mean-ecGEMs for S. cerevisiae. Enzymatic constraint
coverage comparison for (a) enzymes and (b) enzymatic reactions. (¢) Root mean square error
(RMSE) for the phenotype prediction. (d) Growth prediction of Posterior-mean-ecGEM for S.

cerevisiae.
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122 Supplementary Figure 13 Growth prediction of Posterior-mean-ecGEMs on different carbon

123 sources. This figure is detailed version of Fig. 5d.
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