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Supplementary Figure 1 Repository of yeast GEM on GitHub. (a) Main contents of the yeast GEM
project. (b) Everything is recorded using Git. (¢) Commit format to record changes. (d) Versions of
yeast GEM on GitHub were recorded.
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Supplementary Figure 2 Detailed procedures to improve Yeast7.6 to Yeast8. Additional details for
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Supplementary Figure 3 Adding GPRs based on gene annotation in several databases related to S.
cerevisiae S288c. (a) Summary of protein number from four databases. (b) Venn graph for the gene
annotation from KEGG, UniProt, NCBI and SGD database. (c) Metabolic related genes which were
not present in Yeast7. (d) Analysis of new genes through comparison with four main databases.
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Supplementary Figure 4 Model validation of Yeast8. (a) Gene essentlahty analysis. (b) Substrate
usage analysis. (¢) Growth predictions in chemostat conditions. (d) Test scores of yeast GEM based
on the Memote test suite (the decrease of score in Yeast8.1 is due to the addition of SLIME reactions).
(e) Fitted growth associated maintenance (GAM) for different versions of yeast GEM. (f) Gene
annotation evidences from the UniProt database.



Supplementary Figure 5 Map of Yeast8 drawn by CellDesigner 4.4. It can be also found in
https://github.com/SysBioChalmers/Y east-maps/tree/master/SBMLfiles
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Supplementary Figure 6 panGenome annotation to generate panYeast8 and 1011 ssGEMs. (a)
Pipeline to reconstruct panYeast8 and 1011 ssGEMs. (b) Number of core genes, accessory genes
and pan-genes when the number of sampled strains increased. (¢) New hits from pan-genome in
blast analysis which were not present in the reference genome of S. cerevisiae S288c strain. (d)
Ortholog gene relation check based on the BBH analysis. (¢) panGenome annotation based on
EggNOG web service.
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Supplementary Figure 7 Strain classification analysis using gene and reaction existence matrix
from 1,011 ssGEMs and the model simulation. (a) Reaction number distribution in the 1,011
ssGEMs. (b) Metabolite number distribution in the 1,011 ssGEMs. (¢) Gene number distribution in
the 1,011 ssGEMs. (d) 3D PCA analysis based on the yields of 26 metabolites on glucose. (¢) PCA
analysis of all strains based on reactions existence in the 1,011 ssGEMs. (f) PCA analysis based on
genes existence in the 1,011 ssGEMs. (g) Classification of yeast strains from ecological

origin "Human” based on the reactions existence in ssGEMs.
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Supplementary Figure 10 SNP mapping analysis. (a) SNP analysis pipeline. (b) Distribution of
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Supplementary Tables

Supplementary Table 1 Comparison between ecYeast7 and ecYeast8

Item ecYeast7 ecYeast8
Number of reactions 6,741 8021
Number of metabolites 3,388 4145
Number of compartments 14 14
Classification of reactions

Metabolic reactions matched with an enzyme(s) 3,239 3799
Metabolic reactions not matched with an enzyme 330 388
Transport reactions 1,674 1898
Metabolite exchange reactions 330 475
Arm reactions introduced for isozymes 404 501
Enzyme usages (treated as reactions) 764 963
Classification of metabolites

Original metabolites 2,220 2680
Enzymes 764 963
Pseudo-metabolites introduced for isozymes 404 501
Enzyme/reaction relationships

Complexes 226 305
Reactions with isozymes 373 399
Promiscuous enzymes 315 471

Supplementary Table 2 Summary of missing reaction in coreY east8

Missing reaction ~ Missing rxn name

Composition name

r 0821

r 0821 orotidine-5"-phosphate decarboxylase
r 0821 orotidine-5"-phosphate decarboxylase
r 0821 orotidine-5"-phosphate decarboxylase
r 0153 adenylosuccinate synthase

r 0913 phosphoribosylanthranilate isomerase
r 0153 adenylosuccinate synthase

r 0913 phosphoribosylanthranilate isomerase
r 0153 adenylosuccinate synthase

r 0913 phosphoribosylanthranilate isomerase
r 0153 adenylosuccinate synthase

r 0913 phosphoribosylanthranilate isomerase
r 4591 Zn(2+) transport

r 4589 Cu2(+) transport

r 4587 Ca(2+) transport

r_0061 3-isopropylmalate dehydrogenase

r 0659 isocitrate dehydrogenase (NADP)
0988 saccharopine dehydrogenase (NAD, L-lysine
- forming)

r 0913 phosphoribosylanthranilate isomerase’'

orotidine-5"-phosphate decarboxylase

CMP
UMP
dCMP
dTMP
NAD
NAD
NADH
NADH
NADP(+)
NADP(+)
NADPH
NADPH
Zn(2+)
Cu2(+)
Ca(2+)
L-leucine
L-lysine

L-lysine
L-tryptophan

13



Supplementary Table 3 Enrichment analysis of 24 genes with least nsSSNP

Category Term p_value FDR
GOTERM_BP _FAT GO:0019438~aromatic compound biosynthetic process 2.57E-05 0.03244759
GOTERM BP FAT GO:0009228~thiamin biosynthetic process 8.68E-05 0.10971671
GOTERM BP FAT GO:0042724~thiamin and derivative biosynthetic process 0.000101 0.12761774
GOTERM BP FAT GO:0006772~thiamin metabolic process 0.0001166  0.14732214
GOTERM BP FAT GO:0042723~thiamin and derivative metabolic process 0.0001337  0.16890792
GOTERM BP FAT GO:0006766~vitamin metabolic process 0.0002356  0.29742199
GOTERM _BP FAT GO:0006096~glycolysis 0.0003003  0.37899148
GOTERM BP FAT GO:0044271~nitrogen compound biosynthetic process 0.0003371  0.42535266
Supplementary Table 4 Enrichment analysis of 32 genes with largest nsSNP
Category Term p_value FDR
GOTERM BP FAT GO:0044271~nitrogen compound biosynthetic process ~ 0.00256127  3.31003994
GOTERM BP FAT GO:0055114~oxidation reduction 0.00469175 5.98592708
GOTERM BP FAT GO:0008652~cellular amino acid biosynthetic process ~ 0.00861996 10.7412117
GOTERM BP FAT GO:0006486~protein amino acid glycosylation 0.00981554 12.1437983
GOTERM BP FAT GO:0043413~biopolymer glycosylation 0.00981554 12.1437983
GOTERM _BP FAT GO0:0070085~glycosylation 0.00981554  12.1437983
GOTERM BP FAT GO:0009309~amine biosynthetic process 0.0105323  12.9748602
GOTERM BP FAT GO:0009101~glycoprotein biosynthetic process 0.01176064 14.3822228
GOTERM BP FAT GO:0009100~glycoprotein metabolic process 0.01217451 14.8516572
GOTERM_BP_FAT G0:0046394~carboxylic acid biosynthetic process 0.0200989  23.3937861
GOTERM BP FAT GO:0016053~organic acid biosynthetic process 0.0200989  23.3937861

14



Supplementary Table 5 Enrichment analysis of proteins from strains of ‘Wine’

Category Term p_value FDR
GOTERM BP FAT GO:0044271~nitrogen compound biosynthetic process 3.13E-05 0.0431749
GOTERM BP FAT GO:0016053~organic acid biosynthetic process 4.22E-04 0.58032995
GOTERM BP FAT GO:0046394~carboxylic acid biosynthetic process 4.22E-04 0.58032995
GOTERM BP FAT GO:0006790~sulfur metabolic process 0.00122846 1.68143324
GOTERM BP FAT GO:0006575~cellular amino acid derivative metabolic process 0.002422044 3.28997892
GOTERM BP FAT GO:0006575~cellular amino acid derivative metabolic process 0.002422044 3.28997892
GOTERM BP FAT GO:0009165~nucleotide biosynthetic process 0.002859394 3.87324182
GOTERM BP FAT GO:0009260~ribonucleotide biosynthetic process 0.003763813 5.06906729
GOTERM BP_FAT gg;gg?ht?i4;rr:)t(::§base, nucleoside, nucleotide and nucleic acid 0.00403131 542010075
GOTERM BP_FAT I()}rf))(::(;(s)s4404~nucleobase, nucleoside and nucleotide biosynthetic 0.00403131 542010075
GOTERM _BP FAT GO:0009259~ribonucleotide metabolic process 0.004118887 5.53476405
GOTERM BP FAT GO:0008652~cellular amino acid biosynthetic process 0.004441768 5.95639822
GOTERM BP FAT GO:0009309~amine biosynthetic process 0.00568197 7.55973724
GOTERM BP FAT GO:0006749~glutathione metabolic process 0.006456195 8.54776575
GOTERM_BP _FAT GO:0009145~purine nucleoside triphosphate biosynthetic process 0.007283372 9.59254123
GOTERM BP FAT I()33(;2(;;)9206~purine ribonucleoside triphosphate biosynthetic 0.007283372 959254123
GOTERM BP FAT GO:0009144~purine nucleoside triphosphate metabolic process 0.007704569 10.1202733
GOTERM BP_FAT I()33(;2(;;)9205~purine ribonucleoside triphosphate metabolic 0.007704569 101202733
GOTERM BP FAT GO:0009201~ribonucleoside triphosphate biosynthetic process 0.008139947 10.6627702
GOTERM BP FAT GO:0009199~ribonucleoside triphosphate metabolic process 0.008589616 11.2198851
GOTERM BP FAT GO:0009142~nucleoside triphosphate biosynthetic process 0.009053681 11.7914549
GOTERM BP FAT GO:0009141~nucleoside triphosphate metabolic process 0.012145557 15.5133327
GOTERM BP FAT GO:0009066~aspartate family amino acid metabolic process 0.01450537 18.2553853
GOTERM BP FAT GO:0022900~electron transport chain 0.017797719 21.9432926
GOTERM BP FAT GO:0009152~purine ribonucleotide biosynthetic process 0.01850229 22.7121941
GOTERM BP FAT GO:0006518~peptide metabolic process 0.01887879 23.1201843
GOTERM BP FAT GO:0006091~generation of precursor metabolites and energy 0.019440868 23.7255579
GOTERM BP FAT GO:0006091~generation of precursor metabolites and energy 0.019440868 23.7255579
GOTERM BP FAT GO:0006091~generation of precursor metabolites and energy 0.019440868 23.7255579
GOTERM BP FAT GO:0009150~purine ribonucleotide metabolic process 0.019957775 24.278377
GOTERM BP FAT GO:0006164~purine nucleotide biosynthetic process 0.02305465 27.5133306
GOTERM BP FAT GO:0006163~purine nucleotide metabolic process 0.025540287 30.0165462
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Supplementary Table 6 Enrichment analysis of proteins from strains of ‘Bioethonal’

Category Term p_value FDR

GOTERM BP FAT GO:0034605~cellular response to heat 0.04104534 41.6978615
GOTERM _BP FAT G0:0009408~response to heat 0.05459805 51.4590454
GOTERM_BP_FAT GO:0009266~response to temperature stimulus 0.06423225 57.4555159
GOTERM BP FAT GO:0009628~response to abiotic stimulus 0.1817105 92.4344347
GOTERM BP FAT GO:0033554~cellular response to stress 0.21787911 95.7723179
GOTERM BP FAT GO:0044265~cellular macromolecule catabolic process 0.33680707 99.4942341
GOTERM BP FAT GO:0009057~macromolecule catabolic process 0.3626798 99.6969783
GOTERM BP FAT GO:0044257~cellular protein catabolic process 0.45341606 99.9580409
GOTERM BP FAT GO:0030163~protein catabolic process 0.47278102 99.9736271

Supplementary Table 7 CLUMPS analysis for different combinations of mutation from YJL0O52W

ID cluster p_value
1 V31;A73 0.0195
2 V31;A73;K24 0.0695
3 V31;A73;V70 0.0065
4 V31;A73;K24;V70 0.0247
5 V31;A73;K24;V70;S125 0.3977
6 V31;A73;K24;V70;S125;E248 0.7817
7 K24;V70 0.1089
8 S125;E248 0.6954

Supplementary Table 8 Summary of wrong metabolite annotation in yeast 7.6

Ratio in total

Metabolite type Number metabolites
Metabolite with right chebilD 704 0.66
Metabolite with wrong chebilD 54 0.05
Metabolite with none chebilD 278 0.26
Metabolite with wrong full name 17 0.02
el b s e o
Metabolite with wrong formula 5 0.005
Metabolite with wrong charge 5 0.005
Metabolite with right keggID 584 0.55
Metabolite with wrong keggID 72 0.068
Metabolite without keggID 403 0.38
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Supplementary Table 9 Main databases used in yeast GEM update from 7.6 to 8

Database Web address Main application

UniProt https://www.uniprot.org/ gene annotation

KEGG https://www.genome.jp/kegg/ gene annotation

BioCyc https://biocyc.org/ gene annotation

SGD https://www.yeastgenome.org/ gene annotation

Reactome https://reactome.org/ gene annotation

TCDB http://www.tcdb.org/ gene annotation

Rhea https://www.rhea-db.org/ reaction and metabolite standardization
MetaNetX https://www.metanetx.org/ reaction and metabolite standardization
BiGG http://bigg.ucsd.edu/ reaction standardization

ChEBI https://www.ebi.ac.uk/chebi/ metabolite check

YMDB http://www.ymdb.ca/ metabolite check

EggNOG http://eggnogdb.embl.de/#/app/home gene annotation

ModelSeed http://modelseed.org/genomes/ Reaction check

PABTHER http://pantherdb.org/ Subsystem check
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Supplementary Table 10 Metabolomics research summary for yeast

ID Sources ID Year Metabolite_number Reference
1 sl 2016 437 !
2 s2 2015 39 2
3 s3 2012 70 3
4 s4 2017 93 4
5 s5 2017 120 >
6 s6 2017 37 6
7 s7 2016 73 7
8 s8 2016 107 8
9 s9 2015 74 ?
10 s10 2015 70 10
11 sl1 2014 84 1
12 s12 2014 66 12
13 s13 2014 116 13
14 s14 2013 95 14
15 s15 2018 75 15
16 YMDB 870 16
17 s17 2018 38 17
18 s18 2018 74 18
19 s19 2017 89 19
20 $20 2017 36 20
21 s21 2017 45 21
22 s23 2017 143 22
23 24 2007 88 23
24 s25 2013 21 24
25 526 2017 26 2
26 s27 2016 50 26
27 s28 2018 51 27
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Supplementary Table 11 Comparison of Yeast 8 with historical yeast GEMs

. Internal Intracelluar Gene-
Model name Gene Reactions metabolites compartments assoqlated Year
reactions
iFF708 619 1172 705 2 944 2003
iND750 750 1150 945 7 810 2004
iLL672 659 1095 670 2 872 2005
iMH805/775 805 1146 646 7 805 2006
iIN800 750 1150 945 2 810 2008
Yeastl 888 1857 1457 14 1407 2012
iMM904 904 1413 1064 7 1043 2009
Yeast4 924 1848 1868 15 1243 2012
1AZ900 901 1430 1070 7 1049 2010
Yeast5 918 1939 1484 15 1217 2012
iTO977 961 1293 1077 3 1046 2013
Yeast6 900 1888 1623 14 1180 2013
Yeast7.6 910 3498 2384 14 2310 2015
1Sce926 926 3496 2223 14 2317 2015
Yeast8 1133 3949 2680 14 2507 2018
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Supplementary Methods

Quality improvements for Yeast7.6

a) Correct the ChEBI IDs and KEGG IDs

Firstly, we systematically curated metabolite annotations in original Yeast7.6. After removing the
comparTent information, there were a total of 1059 unique metabolites. 655 unique metabolites had
KEGG IDs, 455 of which could be found in the KEGG database based on metabolite full names,
while the remaining could not be found due to wrong or different molecular formulas. In total, 64
unique metabolites had duplicated KEGG IDs.

We then prepared three datasets used to correct the model metabolites information. Datasetl
contained detailed metabolite information from ChEBI database, which included the ChEBI IDs,
formulas, charges, and names for each metabolite. Dataset2 contained the metabolite annotation
from KEGG database, including the KEGG IDs, ChEBI IDs and names information for each
metabolite. Dataset3 contains the merged metabolite annotation information from Datasetl and
Dataset2. In summary, the Dataset] and Dataset3 contains the annotation of 134,614 terms while
Dataset 2 contains the information of 18,107 items. Metabolites information from MetaNetX
database was also merged with Dataset3 to fill in some missing information.

Based on the collected metabolite annotation information above, several in-house R scripts were
used to check the metabolites annotation automatically from Yeast7.6. The correction process could
be divided into four steps. Firstly, obtain the metabolites full name, formula, charge in Dataset3
using original ChEBI ID (KEGG ID); Secondly, obtain the metabolites ChEBI ID and KEGG ID
(new) in Dataset]l and Dataset2 using original full name mapping; Thirdly, compare old and new
information in ChEBI ID, KEGG ID, full name, formula, charge respectively for each metabolite;
Lastly, based on the correct ChEBI ID (or KEGG ID) information, obtain all other information (like
BiGG ID, structure information, database link). The corrected metabolite information can be found
in Supplementary Table 8. These wrong metabolites information had been found and were corrected
to improve the model quality in metabolites annotation.

b) Add subsystem automatically for yeast GEM

Yeast7.6 had no subsystems annotation. An in-house Matlab script was adopted to find subsystem
information from KEGG database based on gene annotation. If no subsystem information was
available for particular gene from KEGG, the related subsystem information from BioCyc and
Reactome was used. To correct the above subsystem information, subsystems for the reactions in
yeast GEM were further queried based on the reaction ID mapping from KEGG database. In the
above procedures, one reaction could have several different subsystems based on the functional
annotation from KEGG database.

c¢) Refine subsystem information for map of yeast GEM

For the map of Yeast8, a unique subsystem was given for each reaction. To refine and simplify the
subsystems in step b, the subsystems from different models (Yeast7.6, Recon3D, HMR2, iTO977
and iIMM904) and databases (MetaNetX, BioCyc, Reactome and KEGG) were compared and
merged in aspects of reactions’ (or genes’) metabolic function. Subsystem information from iTO977
and iMM904 was borrowed when it is absent for part of reactions in yeast GEM. For reactions still
absent in the subsystem definition, the manual check of gene annotation in above databases will be
used to find the corresponding subsystems. As one reaction could have a different subsystem
information based on KEGG databases, the following procedures were then used to refine the
subsystem information: (1) Remove the more general subsystem information, like carbon
metabolism; (2) Remove the wrong subsystems according to the annotations of metabolites from
the corresponding reactions; (3) Remove the subsystems linked with no more than three reactions.
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It is oftentimes not easy to define unique subsystem information; reactions such as amino acid
metabolism is one example of this phenomenon. A more general metabolism subsystem can be used
to cover small subsystems with few reactions. Based on the correction process, moreover, each
reaction now has clear subsystem information and can be used to draw the yeast map.

d) Add reference ID for each reaction

We collected the reference ID information from the MetaNetX database and merged it with Yeast7.6.
Roughly 30% of reactions could find BiGG IDs and MetaNetX IDs. Only 15% of reactions, however,
could find KEGG IDs.

Adding new GPRs by merging Yeast7.6, iTO977 and iSce926

We found that the two historical yeast models (iTO977 and iSce926) contained more genes
compared to Yeast7.6, which only contained 909 genes. As the iSce926 was updated based on
Yeast7.6, 14 new genes from iSce926 were firstly merged into Yeast7.6 while the other four genes
were not added based on the gene functional annotation. When compared with iTO977, 104 genes
were not included in Yeast7.6. After an initial check, we found that some GPRs (like L-serine =>
NH3 + pyruvate is connected with “YIL167W or ‘YIL168W’) were wrong, thus we compared the
gene annotations systematically in different databases before merging them into Yeast7.6.

Adding new GPRs based on gene function annotation in S databases

a) Compare the gene annotation from main databases

As a model organism, the reference yeast strain-Saccharomyces cerevisiae S288C has quite a
detailed genome annotation from several popular genome and model databases, which include
Reactome, BioCyc, KEGG, NCBI, SGD, and UniProt (Supplementary Table 9). Among them, SGD
is specially designed for S. cerevisiae and contains very detailed gene function annotation
information based on literature reports. To improve the coverage of genes for yeast GEM, the latest
gene annotation of S. cerevisiae in SGD, UniProt and KEGG were collected. At the same time, the
reactions connected with the gene from Reactome, KEGG, BioCyc, and UniProt were also collected.
All reactions were a foundation for the researchers of this study to choose a GPRs for Yeast8. As
shown in Supplementary Fig.3a, the protein number annotated by UniProt is the largest. By
comparison, total 5819 proteins could be found in all four databases, which can be regarded as ‘high
quality’ for the genes function existent in S. cerevisiae S288C genome.

b) Procedures to find new GPRs

Different strategies were employed to extract the new GPRs from the main databases. For the
UniProt and SGD, the gene list in Yeast7 was compared to all yeast genes in these two databases.
Based on the genome annotations, furthermore, we can obtain the function annotation of genes,
including the EC number and the catalysed reactions. Based on EC number, we could find the
standard reaction formulas from Rhea, Brenda, or MetaNetX. The new genes were obtained in a
similar method using the KEGG database. Next, KO id was given for each gene based on KEGG
genome annotation. With KO mapping, the related reactions and enzymes connected with genes
could be obtained and would further formulate into pairs of new genes (proteins) and reactions.

Reactome?® and BioCyc?® contain detailed metabolic reactions f'S. cerevisiae S288C, both of which
are excellent sources for discovering new GPRs. Based on BioCyc annotation, we can find the gene-
reaction relations without EC number and gene-EC number-reaction relations. A detailed procedure
was designed for the Reactome database to extract the related new GPRs. Firstly, we downloaded
three kinds of mapping data from Reactome, including genelD (NCBI)-protein-reaction, gene-
protein-pathway, and the pathway-pathway relation including the hierarchical relationships of
pathways defined in Reactome, for example, the metabolism pathway could contain a lot of sub-
pathway related to the detailed cell metabolism activities. Based on pathway hierarchical
relationships, we have been able to obtain gene-protein-reactions which belong to the metabolic
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pathway, as well as the transport pathway of small molecules. We are in the process of downloading
NCBI genome annotations from the NCBI database for further research. This database contain
mapping between the NCBI genelD and gene systematic name. Using the mapping, we can finally
obtain the standard genelD-protein-reactions relation based on Reactome and can compare results
with other databases.

c) New GPRs comparison across different sources

In summary, total 977 unique genes were obtained based on all the gene annotation in KEGG, SGD,
UniProt, Reactome and BioCyc. By comparison, 709 genes were found from UniProt while only
119 genes were obtained from Reactome databases. As shown in Supplementary Fig. 3b, most of
genes could be found in at least two databases and a few of them only existed in one database. To
ensure its quality, the chosen genes should be present in at least two databases. Before obtaining the
potential new genes, all genes were classified into three types: “Yes”, “Not Sure”, and “No”, based
on 26 kinds of annotation information, such as the related function annotation, EC, and subsystem.

In this step, 308 genes belong to the “Yes” category, while 315 genes belong to the “Not Sure”
category, and 353 genes belong to the “No” category. Thus, only 308 genes will enter into the next
step. As shown in Supplementary Fig. 3d, of these 308 new genes, 305 of them could be found in
KEGG, SGD, UniProt, and NCBI. During this step, the gene annotation in SGD and UniProt were
manually checked with the related reactions from different databases. We only chose reactions
which were consistent with the reliable evidence of gene function annotation in SGD and UniProt.

d) Quality improvement of new GPRs

Once the new genes or new GPRs are prepared, the quality improvement will be done for all of them
using the mentioned ‘general procedures’ (Method). If the gene is connected with reactions which
are existent in Yeast7, it will be merged into the old GPRs. Otherwise a new GPR will be merged
into Yeast7. All the referent IDs of reactions and metabolites annotation will be obtained based on
‘general procedures’. Each newly added reaction will be charged and mass balanced. In subsystem
check, potential new genes are distributed among 75 subsystems, among which 14 subsystems can
be merged with the present subsystem in Yeast7 according to their function, while 45 subsystems
can be found directly from Yeast7. For newly added subsystem with only one or two reactions, we
put it them into subsystem “Miscellaneous”. After this, we mainly obtained several new subsystems
compared with the Yeast7, like methylglyoxal metabolism, lipoic acid metabolism, and so on.

In this round of model update, 48 original GPRs in Yeast7 were updated by merging with the new
genes. Meantime, 183 new reactions with 163 genes were added into Yeast7. These updates have
improved the yeast GEM version from Yeast8.1 to Yeast8.2. The detailed description can be found
in GitHub of yeast GEM (https://github.com/SysBioChalmers/yeast-GEM).

Improve the gene coverage for transport reactions based on gene annotation in TCDB

In yeast model, 174 of 1029 transport reactions did not have gene relations. We firstly summarized
all the transport reactions with gene association from the isacce®® model and Yeast8. Besides this,
we re-annotated the S288C genome with EggNOG web services. In the annotation, the BiGG
reaction ID was obtained for part of the genes, whereby the gene connected with transport reactions
was chosen. Based on the above three data sources, a gene-transported metabolites matrix was
established. The matrix contains the gene name, the connected reaction, the main transported
metabolite, the participated metabolites (like H or ATP), along with the MNXID (metabolite ID in
MetaNetX database) for the main transported metabolites.

On the other hand, the yeast transporter protein annotation from TCDB database was carefully
checked. The gene with TCDB id was firstly chosen, followed by detailed gene annotations from
the TCDB. Furthermore, the detailed annotation from the 5 main databases (Reactome, BioCyc,
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KEGG, SGD, and UniProt) was also added for each gene. With all the above information, we can
find all the metabolites transported by the reliable proteins from yeast genome. According to the
gene-metabolite matrix, the transporter proteins were mapped onto the transport reactions without
gene association. Moreover, the protein compartment and subunit information were further checked
before adding gene relations for the aimed transport reactions. In this step, the number of transport
reactions with genes was improved from 174 to 275.

Adding new reactions based on Biolog experiments

a) Biolog Phenotype MicroArrays experiment

The growth of S. cerevisiae S288C and CEN-PK 113.7D on different substrates were performed on
Biolog Phenotype MicroArrays, which includes 190 carbon sources, 95 nitrogen sources, 59
phosphorus sources, and 35 sulfur sources. 20 carbon sources tested can be utilized by S. cerevisiae
S288C, and eight more carbon sources by S. cerevisiae CEN-PK 113.7D. As for nitrogen sources,
S. cerevisiae S288C has the ability to utilize 40 substrates, while S. cerevisiae 113.7D can utilize an
additional four substrates. S. cerevisiae s228c and CEN-PK 113.7D can both utilize 48 phosphorous
sources and 19 sulfur sources (Supplementary Data 1).

b) Model prediction

The results above could be used to evaluate model predictions in substrates usage. The Matlab
function ‘SubstratUsage.m’ was developed to detect whether each substrate can be utilized in silico,
and if the substrate cannot be utilized, the function would suggest the reason for that by stating
which kind of reaction is missing. This function automatically adds an exchange reaction for that
substrate and sets the lower bound of that exchange reaction to -10 mmol (gDW)! h'! for carbon
and nitrogen substrate and -1000 mmol (gDW)! h'! for sulfur and phosphorus substrates. Minimal
media was used in this prediction and growth was set as the objective function. It is regarded as no
growth if the predicted growth rate is less than or equal to 10®h'!. We then compared the predicted
growth phenotype with experimental results and all results could be classified into: (1) G/G-in vivo
growth/in silico growth; (2) NG/NG-in vivo no growth/in silico no growth; (3) G/NG-in vivo
growth/in in silico no growth; and (4) NG/G-in vivo no growth/in silico growth.

¢) Add new reactions into yeast GEM based on in silico and in vivo results

For the NG/G condition, we leave as it is as there may be some regulatory factors determining the
inconsistency. While for those inconsistencies in G/NG condition, it can be reconciled by filling
gaps in the model. The Matlab function ‘SubstratUsage.m’ was firstly used to check whether this
substrate existed in the model, if yes, then such an inconsistency is mainly due to the lack of transport
reactions in the present model. If the substrate did not exist in the model, then the model lacked the
related pathways for the substrate metabolism. To reconcile the inconsistency caused by the missing
of the related transport reactions, we extracted essential transported reactions from MetaNetX
database to connect that substrate with yeast GEM. As for the inconsistency caused by missing
pathways, the reactions including the related substrates from MetaNetX were extracted. In order to
add a minimal amount of reaction without genetic confidence, the followed criteria were used to
screen essential reactions: (1) Introduce the least number of new metabolites; (2) For carbon
substrates, if it is sugar-derived, add sugar degradation reaction. If not, proceed to add the reaction
that can link this substrate to central metabolites; (3) For nitrogen substrates, add degradation
reaction to ammonium or N-containing central metabolites; (4) For sulfur substrates, add a
degradation reaction to a simple S-containing metabolites (sulfite, sulfate, hydrogen sulfide, or S-
containing central metabolites; (5) For phosphorus substrates, add a degradation reaction to
phosphate.

The new reactions were carefully chosen to fill the gap in the above two conditions. Since these
reactions are simply for modelling purposes, the confidence score for these reactions was set as 13!
To further reduce the inconsistency, the reversibility of four reactions in the model were corrected
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for a better prediction. Firstly, for thymidine and thymidine derived substrate usage, the reversibility
of reactionr 2075 (transporting thymidine) was changed to be reversible so it is now consistent with
the reaction R_00573 in the model of milk yeast Kluyveromyces lactis*’. Secondly, for N-acetyl-L-
glutamate to be utilized as a nitrogen source, the reversibility of reaction r 0761 was changed to be
reversible according to MetaCyc reaction N-ACETYLTRANSFER-RXN. Thirdly, for acetoacetate
to be utilized as carbon source, the reversibility of reactions r 0104 and r 0103 was changed to be
reversible according to MetaCyc reaction ACETYL-COA-ACETYLTRANSFER-RXN.

During this update, total 225 new reactions and 148 new metabolites were added into yeast GEM.
The model prediction results are shown in Supplementary Fig. 4b. Model prediction accuracy for
substrate usage were increased from 63.4% to 81.5%.

Adding new reactions based on metabolomics mapping

We collected metabolomics data from 26 papers to form a metabolites pool with 1774 metabolites
(Supplementary Table 10). The standard identifiers from KEGG and ChEBI database were found
automatically for all the metabolites. As a result, 436 metabolites without any standard annotation
were filtered out. With manual check, it can be found that 493 metabolites existed in the model and
766 metabolites were confirmed as new metabolites. Next, only metabolites originated from at least
two reports (including the recording in YMDB) were used and finally 82 metabolites were prepared
for the new update of yeast GEM.

To connect these new metabolites with yeast GEM, 852 reactions connected with those metabolites
from MetaNetX database were extracted. In order to introduce the least number of new metabolites
except those 82 metabolites into the model, the reactions that contain more than two extra new
metabolites were removed and 177 reactions were kept for further analysis. Reactions that catalysed
by enzymes or EC number existing in the yeast genome annotation were chosen firstly (this included
32 reactions). Since we did not want to introduce additional dead-ends into the model, we only chose
new metabolites which can be produced and consumed in the new model. Therefore, only 21
reactions for eight new metabolites were added into yeast GEM.

Adding new reactions based on gap filling

After several rounds of update, some dead-ends metabolites were also added into the model. Here,
to avoid adding a lot of reactions without genetic information, gap-filling was only conducted for
those metabolites which lack the related transport reactions. Function “metsincomps.m” and
“MissingTransDeadEnd.m” were used to identify dead-end metabolites which can be fixed by
adding a transport reaction. We then extracted transport reactions for those metabolites from
MetaNetX database. As a result, 37 new transport reactions were found to reduce 45 dead end
metabolites in the model.

Improving the biomass equation

Some reactions and pathways in our model do not carry flux. The NADH synthesis pathway, for
example, does not carry any flux when biomass is set as the objective function. This is because
NADH and NAD form a cycle in original model. Besides, there are no ions in the biomass, which
means that all ions transport reactions do not carry flux either. Based on this, the original biomass
equation was expanded to include cofactors and ions. We compared all biomass components from
historical yeast models (Supplementary Table 11), and collected information from several papers to
estimate which metabolites should be included®3-3®. As for cofactors, NADH, NAD, NADPH,
NADP, and coenzyme A, THF, TDP, and FAD were newly added. Coefficients for these metabolites
were calculated from cellular concentrations from reference®?-*%. As for ions, calcium, chloride,
cooper (II), iron (I1), manganese (I1), zinc (II), potassium (II), sodium (II), and magnesium (II) were
newly added. The coefficients for those newly added metabolites were calculated from references*-
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36,39, 40 along with the recorded cellular concentration in the YMDB database. A Matlab function

“scale BioMass.m” was used to re-scale biomass composition and re-fit the growth-associated
maintenance energy (GAM), in order to make sure the biomass weight is equal to 1 gram and
physiological kinetic parameters from chemostat experiments could be predicted well.

Comparison with historical yeast models

The yeast GEM has developed for 15 years. As shown in Supplementary Table 11, along the time,
the number of genes, reactions, and metabolite numbers have increased consistently since iFF708.
For Yeast8, after the systematic update, the numbers of genes and reactions undergo a significant
increase compared with Yeast7.

Protein existence analysis based on proteomics data

We downloaded proteomics data from PaxDb (https://pax-db.org). With genelD mapping, we can
obtain the abundance for all newly added genes. The result showed that 98.34% of new genes have
protein evidence and only three genes (YARO69W-A, YHR214W-F, and YPL096C-A) were not
detected based on PaxDb. We also obtained gene annotation scores from UniProt database. 208
genes can be verified at least in the protein level and only four have no omics evidence.
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Supplementary Note 1

Pan-genome re-annotation

To roughly estimate new proteins in non-reference ORFs (nrORFs) compared with reference
genome, the blast analysis of nrORFs using Diamond*! against UniProt, TCDB, and BiGG reference
protein database 4> were conducted respectively. It can be found that as the pidentity increased, the
protein number with new hit not from reference genome decreased significantly (Supplementary Fig.
6¢). It can further be found that if the pidentity is set at 75%, there are a few new hits for those genes
from nrORFs, which means that the metabolism of yeast is quite conservative and new proteins can
be quite limited.

We used the blast analysis, the gene annotation of KEGG web service** and EggNOG web service**
to check the original ortholog relation in the article. Among them, 25 nrORFs’ ortholog genes were
updated based on the original ortholog gene relation from article*. Three nrORFs (88-
augustus_masked-125-YCE, 346-augustus_masked-779-BSG 4, 790-augustus masked-AMH_5-
6637) have different ortholog genes based on at least two methods of blast, KEGG, and EggNOG
service, thus needing further check. In total, 771 panlD have reliable ortholog genes from S.
cerevisiae S288C based on KEGG, eggnog, and blast analysis. To further evaluate the ortholog gene
relations qualitatively, the BBH analysis between ntORFs and S. cerevisiae S288C genomes was
used. The best hit in BBH analysis with pidentity larger than 80% was finally chosen, among which,
208 nrORFs could find the corresponding ortholog genes from Yeast8 (S. cerevisiae S288C
genomes).

Through the pan-genome annotation, 49 new RxnIDs with 13 panIDs from KEGG and 7 new
RxnIDs with 4 panIDs from EggNOG were prepared for panYeast8. By comparing the gene list
from Yeast8 and pan-genome, it could be found that about 33 genes in Yeast8 are non-existent in
the pan-genome. This is due to the fact that in the pan-genome definition, some genes with
duplicated function with their ortholog genes from S. cerevisiae S288C have collapsed. As a result,
the panID was given for the 29 collapsed gene based on the ortholog genes which have the panlID.
For the genes without ortholog genes, the blast analysis was used to find the best hit from pan-
genome.

In silico growth simulation of coreYeast8

After the reconstruction of the strain specific GEMs (ssGEMs), we formulated the coreYeast8 based
on shared reactions, metabolites, and genes for all yeast strains. The coreYeast8 contains 3895
reactions, 2666 metabolites, and 892 genes. We evaluated the metabolic capacity of coreYeast8
based on minimal media and found that part of biomass compositions cannot be synthesized, which
include: dCMP, dTMP, CMP, UMP, NADH, NADPH, NADP+, and NAD+, along with several
kinds of amino acids. Also, by comparing differences between the coreYeast8 and ssGEMs, it can
be found that ‘r_4591° for Zn?" transport, ‘r_4587" for Ca" transport and ‘r_4589’ for Cu®* transport
are absent in the coreYeast8. Other missing reactions in coreYeast8 can be found in Supplementary
Table 2.

In silico maximal yield analysis of 20 amino acids using the simulation of 1011 strain specific
models

The amino acid synthesis pathways are well conserved among these 1011 yeast stains. The
difference in theoretical maximum amino acid yields are due to two main reasons. Firstly, some
strains with low maximal amino acids yields use fermentation instead of respiration to produce
energy for amino acid synthesis, because they don’t have all essential subunits for respiration
complexes. Those strains should not be able to use non-fermentable carbon sources such as ethanol
and glycerol for growth as phenotypes if the respiration is impaired as our model indicated.
According to our models, S. cerevisiae AAH uses fermentation to produce energy for amino acid
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synthesis and has low maximal amino acid yields. This strain grows poorly on the medium with
ethanol (relative growth rate: 0.00562701) and glycerol (relative growth rate: 0.00617284) as the
main carbon sources according to literature®>.

Secondly, a few synthesis reactions for some important amino acid are missing in several strains,
resulting in non-production of the corresponding amino acids. For example, in S. cerevisiae BLT
and AHG, YHR208W or its ortholog 179-augustus masked-2806-CPI 4 (valine transaminase,
mitochondrial) in the last step of valine synthesis are missing, so the maximal yield of valine for
those strains is decreased to zero. Similarly, YNL220W (adenylosuccinate synthase) related for
histidine synthesis is missing in strain S. cerevisiae ABM, so the related maximal histidine yield is
decreased to zero in our simulation. There is only one strain S. cerevisiae SACE_GAV, which did
not have the gene YDROO7W (phosphoribosylanthranilate isomerase) in the third step in tryptophan
biosynthesis, so the related maximal yield for tryptophan is decreased to zero. These results together
may indicate the auxotrophic phenotypes existing in part of these 1011 strains.

Supplementary Note 2

Refining the quality of protein 3D structures

In this work, there have been a total number of 1234 metabolic genes (the gene list in Yeast8 and a
few other metabolic genes not added into Yeast8). There are 910 proteins without experimental PDB
files (PDB_ex). A total of 1486 homology PDB files (PDB_homo) can be found for these 910
proteins. 299 of proteins were connected with over two PDB files. If the cut-off value for sequence
identity, sequence similarity, resolution, and QMEAN are 17.58, 0.25, 3.8A, and -6.98 respectively
(P value = 0.1 in zero score test), 183 PDB homo with QMEAN are smaller than -6.98, 339
PDB homo with SI smaller than 17.58%, 33 PDB_homo with SS smaller than 0.25, and 364
PDB_homo with Resolutions larger than 3.8 A. However, as stated in the SWISS-MODEL database,
the PDB_homo with a QMEAN larger than -4 can be accepted in the quality. On the other hand, for
the homology model, the quality of PDB_homo with SI > 0.25 can be accepted. Therefore, it seems
that the P value of 0.1 is relatively large as the cut-off. To ensure high quality of chosen PDB_homo
for further analysis, the critical parameters were reset as follows: QMEAN > -4, S > 0.25, SS > 0.31
and Resolution < 3.4A. With new cut-off, 534 PDB_homo for 444 proteins can be regarded as high
quality. The other PDB_homo will be ranked based on their QMEAN values.

There are 3332 PDB_ex for all the 319 proteins existed in yeast GEM. Only about 60 proteins have
the single PDB files. We further check whether there exist gaps in the PDB_ex files. As a result, we
found that 44 PDB_ex with mutation (pidentity <100) and 20 PDB_ex with lower resolution (>3.4A).
So for these PDB_ex, they are replaced of by the corresponding PDB_homo from the SWISS-
MODEL database. Finally, the PDB_ex for 162 proteins could be used in the protein structure
mapping analysis.
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