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Abstract
The cultivation of opium poppy is the only commercially viable source of most morphinan alkaloids. Bioproduction 
of morphinan alkaloids in recombinant whole-cell systems provides a promising alternate source of these valuable 
compounds. The enzyme codeine 3-O-demethylase can transform morphinan alkaloids by O-demethylation and 
has been applied in single step biotransformation reactions or as part of larger biosynthetic cascade, however, 
the productivity for these reactions remains low and suboptimal enzyme properties could be improved. This 
mutagenesis study targeted non-conserved N-and C-terminal residues, which were replaced with the equivalent 
residues from enzyme thebaine 6-O-demethylase. Whole cell biotransformation performance was significantly 
improved in Escherichia coli expressing codeine 3-O-demethylase mutants, with a ~ 2.8-fold increase in the 
production of oripavine from thebaine and ~ 1.3-fold increase in the production of morphine from codeine. 
Statistical analysis of biotransformation yield, enzyme expression and stability, predicted using changes in Gibbs 
free energy (ΔΔG) with deep-learning-based model DDmut, suggested that altered enzyme stability and/or 
expression of soluble protein may contribute to the observed improvements in biotransformation. This approach 
could be beneficial for screening future codeine 3-O-demethylase mutations and for other enzymes.
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Background
The morphinan alkaloids sourced from opium poppy 
(Papaver somniferum L.) and their semi-synthetic 
derivatives encompass some of the most effective phar-
maceutical compounds available to treat pain, opioid 
poisoning and addiction. These include the agonists mor-
phine, codeine and oxycodone, the mixed antagonist-
agonist buprenorphine and antagonists naltrexone and 
naloxone [1]. Commercial production of these important 
alkaloids, or their precursors, relies upon poppy cultiva-
tion, as the presence of multiple chiral centers currently 
makes total chemical synthesis not feasible [2].

Whole cell based complete biosynthesis from simple 
sugars could be an alternative source of these valuable 
opioids, as has been demonstrated in Saccharomyces 
cerevisiae (S. cerevisiae) and Escherichia coli (E. coli) [3, 
4]. Simpler whole cell systems that perform a single or 
small number of enzymatic steps to interconvert between 

opioids are also being pursued [5, 6], such as an E. coli 
biotransformation system for the conversion of theba-
ine to oripavine and codeine to morphine by codeine 
3-O-demethylase (CODM) [6]. These provide a means to 
better manage opioid supply [5, 6], as a further alterna-
tive to traditional agricultural production [7], whilst the 
yield of complete biosynthesis is being optimized.

CODM is a non-heme 2-oxoglutarate/Fe(II)-dependent 
dioxygenases, responsible for the 3-O-demethylation of 
thebaine to oripavine and codeine to morphine in plants 
[8] (Fig.  1A). This enzyme has been used in E. coli [6] 
and yeast based biotransformation [2, 9–11]. The per-
formance of wild type (WT) CODM was less than opti-
mal in yeast, with a productivity of ~ 8.9 × 10− 6 g/(L∙h) 
for codeine to morphine conversion, potentially due 
to low levels of enzyme expression or solubility or low 
enzyme activity [2, 9–11]. Productivity was improved 
with expression in E. coli, producing ~ 2.2 × 10− 1 g/(L∙h) 

Fig. 1 Overview of biotransformation reaction steps and mutagenesis targets. (A) Overlay of the key enzymatic steps for the conversion of thebaine to 
morphine from within Papaver somniferum that have been expressed recombinantly in E. coli in the literature to date [4–6]. (B) 3D protein structure of WT 
CODM predicted by AlphaFold2 (assessed via EBML-EBI server), where residues were colored using ChimeraX. Residues with a notable impact on CODM 
performance in previous mutagenesis studies are highlighted (in cyan [13], magenta [14] and orange [6]) alongside the residues mutated in this study (in 
red). (C) Sequence alignment of the WT CODM (CODM.2) and WT T6ODM (T6ODM.4) variants found within P. somniferum HN1 [8, 15, 16] for the region of 
interest, where non-identical residues are highlighted in grey. Sequences were aligned using the MUSCLE methodology with SnapGene
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morphine (at t = 1.25  h when codeine achieved > 90% 
conversion) [6] but was still at the lower end of the range 
reported for successful pharmaceutical biotransforma-
tions [12]).

Mutagenesis of CODM has helped to establish the 
importance of key CODM features. Non-conserved resi-
dues, including the N- or C-terminal regions, have typi-
cally been altered (Fig. 1B and Supplementary Figure S1) 
[6, 13, 14]. For example, mutations in the N- and C-ter-
minus of CODM led to ~ 1.4-times more morphine (no 
productivity was given) but also ~ 2.6-times more side 
product neomorphine [14]. Two CODM C-terminal 
mutants, created by interchanging non-conserved resi-
dues with the paralogous enzyme thebaine 6-O-demeth-
ylase (T6ODM), had reduced activity relative to the WT 
CODM [13].

Regions outside the N- and C-terminus have also dis-
played improved productivity. Mutant E259G (Fig.  1B) 
gave > 22% greater oripavine and morphine produc-
tion than WT CODM in an E. coli biosynthetic system 
[6]. This mutation involves the only residue that differs 
between the three CODM open reading frames pres-
ent within the P. somniferum L. HN1 genome [6]. It is 
also non-conserved between CODM and many homo-
logues, including T6ODM [8]. While the E259G mutant 
showed higher productivity, this could still be enhanced 
to increase economic viability.

An opportunity exists to further increase CODM per-
formance and improve our understanding of this enzyme 
by systematically replacing other non-conserved residues 
with those found in T6ODM, which showed a higher 
substrate affinity for thebaine in purified enzyme assays 
(Km of 20 ± 7 μm for T6ODM compared to 42 ± 8 µM for 
CODM) [8, 17, 18]. Although no crystal structure has yet 
been reported for CODM, comparisons can be drawn to 
published structures for T6ODM (PDB entry of 5O9W 
and 5O7Y), which share ~ 73% identity to CODM [19]. 
The two enzymes differ by ~ 105 residues but to date only 
23 residues in CODM have been replaced with the equiv-
alent residues in T6ODM, either as single or multiple 
changes [6, 13, 14].

Enzyme stability and the level of soluble protein expres-
sion could impact whole cell biotransformation, together 
with enzyme selectivity and turnover rate. Suboptimal 
stability and expression are proposed to have played a 
role in early reports of poor CODM performance in yeast 
[2, 9–11]. A greater concentration of soluble enzyme was 
observed for CODM mutants E259G and E259D com-
pared to WT CODM, indicating that enhanced solubility 
may contribute to improved biotransformation [6].

In recent years, significant progress has been made 
towards developing computational tools to aid our 
understanding of the effects of mutations on protein sta-
bility and soluble expression [20–22]. DDMut (a deep 

learning model for predicting protein stability), for exam-
ple, was used among other stability prediction tools to 
interrogate how mutations to the CSMD1 (Cub and Sushi 
Multiple Domains 1) protein, an important component 
of the innate immune response, may cause pathogenicity 
through changes in protein stability [23]. An assessment 
of these properties may therefore help to better under-
stand the many factors contributing to CODM biotrans-
formation performance.

This study aimed to improve the conversion of thebaine 
to oripavine and codeine to morphine in an E. coli bio-
transformation system through CODM mutagenesis. We 
hypothesized that replacing six non-conserved residues 
throughout the N- and C-terminal regions of CODM 
with the equivalent residue from T6ODM would increase 
biotransformation productivity, by increasing enzyme 
activity, soluble enzyme expression level, enzyme sta-
bility, or a combination of these factors. These residues 
have not been studied to date. Combinations of enhanced 
single-site mutations were also explored. Correlations 
between the normalized biotransformation yield, pre-
dicted enzyme stability and soluble enzyme expression 
level were determined for this study, providing insight 
into the underlying mechanisms that may lead to suc-
cessful improvements in yield and a possible method for 
guiding the future rational selection of mutant enzymes.

Results and discussion
Non-conserved CODM residue changes impact 
biotransformation
This study sought to explore how 6 non-conserved resi-
dues contribute to CODM enzyme performance during 
the whole cell biotransformation of the opiates theba-
ine and codeine (Fig. 1A). Within the C-terminal exten-
sion region of CODM, 2 residues at position 357 and 
360 were chosen (Fig.  1B), as this region is known to 
impact on CODM performance [13]. In addition, 4 resi-
dues were selected at the N-terminus at positions 3, 4, 
5 and 7 (Fig. 1B), as only one limited previous study has 
explored the N-terminal region of CODM with nothing 
known about how mutagenesis directly at the begin-
ning of N-terminus may impact CODM biotransforma-
tion [14]. The residues present at these sites in CODM 
were replaced with the equivalent residue present in 
T6ODM, as shown in Fig. 1C, creating: T3K, P4A, I5K, 
I7M, Y357S or M360I. Biotransformation was conducted 
following a previously described protocol, where strains 
were screened after 30  min for morphine yield and 4  h 
for oripavine yield [5, 6]. Both time points were demon-
strated as satisfying points to screen CODM mutants 
with enhanced biotransformation performance [6].

Improved yield was observed for two of the six single 
mutation CODM strains investigated, I5K and M360I, 
with ~ 1.8-fold and ~ 1.3-fold more oripavine from 
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thebaine and ~ 1.6-fold and ~ 1.3-fold more morphine 
from codeine, respectively (Fig. 2A, Supplementary Table 
S4). An increase in soluble enzyme appears to contribute 
to the enhanced activity of the I5K strain but not that of 
M360I (Supplementary Fig. S2). Interestingly, the P4A 
strain improved oripavine yield (~ 1.4-fold) but not mor-
phine yield, while T3K had no significant effect and yield 
was reduced for both the I7M and Y357S strains, most 
notably for oripavine production (I7M yield was 12% of 
WT while Y357S yield was 58% of WT) rather than mor-
phine production (I7M yield was 72% of WT while Y357S 

yield was 78% of WT) (Fig. 2A, Supplementary Table S4). 
Notably, there was no significant difference in soluble 
protein expression of I7M and Y357S (Supplementary 
Fig. S2), suggesting the observed effects may be due to a 
change in enzyme catalytic function.

It is noteworthy that both mutations in the C-terminal 
extension have an impact on CODM activity, one posi-
tive (M360I) and the other negative (Y357S), indicating 
the importance of this region, which has previously been 
shown to be associated with CODM substrate speci-
ficity [13, 19]. Mutations in the N-terminal domain of 

Fig. 2 The production of oripavine and morphine with mutant strains in comparison to WT CODM. (A) Mean difference in oripavine and morphine yield 
produced by the E. coli strains expressing CODM mutants with varying amino acids at positions 3, 4, 5, 7, 357 or 360. (B) Mean difference in oripavine and 
morphine yield produced by the E. coli strains expressing CODM mutants with combinations of amino acids varying at positions 3, 4, 5, 7, 259, 357 or 360. 
Biotransformation was assessed after four hours for oripavine or 30 min for morphine. WT CODM and I5K data are the mean difference of six independent 
replicates ± 95% confidence interval, all other data are the mean difference of three independent replicates ± 95% confidence interval (see Supplemen-
tary Tables S4 and S5 for oripavine and morphine percentage yield)
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CODM, which has been less explored, also had a mixed 
effect, with two having a positive impact (I5K and P4A), 
one negative (I7M) and one no significant effect (T3K). 
This is consistent with this region also affecting substrate 
binding [24], with the location and nature of the muta-
tion affecting the impact of substitution.

Improving CODM biotransformation by combining 
mutations
In a second strategy, eight additional CODM strains were 
generated based on three complementary approaches. 
The first approach combined both mutations in the C-ter-
minus (Y357S + M360I) or combined all four mutations 
in the N-terminus (T3K + P4A + I5K + I7M) to investigate 
the effect of mixed mutations (with observed neutral, 
positive and negative effects) within a localized region. 
The second approach combined the most successful 
strains from the single mutation screen, I5K and M360I 
(Fig. 2B), with the mutant E259G, which was previously 
found to give good performance for biotransformation of 
both purified thebaine and codeine, as well as raw theba-
ine poppy extract, in a screen of mutants at sites 259 and 
260 [6]. The additive effect of these mutants was assessed 
in all four combinations (I5K + E259G, I5K + M360I, 
E259G + M360I and I5K + E259G + M360I). In the 
third approach, two additional mutants were screened 
(P4A + E259G + M360I and P4A + I5K + E259G + M360I), 
to assess the impact of adding the mutant P4A to select 
combinations of mutants, as P4A was the only site in 
the single mutant screen that had a positive effect on 
one opiate and a neutral effect on the other: increasing 
oripavine yield and not altering morphine yield relative 
to WT CODM. E259G + M360I was selected as the base 
strain for this last strategy, as it was the best performing 
strain without changes to the N-terminus; P4A was also 
tested in combination with I5K, the other successful sin-
gle mutation at the N-terminus to determine if there was 
any interaction between two N-terminal mutations.

The CODM strains containing all four mutations in 
the N-terminus (T3K + P4A + I5K + I7M) or both muta-
tions in the C-terminus (Y357S + M360I) from the first 
approach did not improve performance relative to WT 
CODM. The T3K + P4A + I5K + I7M strain produced 
only 5% of the oripavine of WT and 51% the morphine 
of WT (Fig.  2B, Supplementary Table S5), while the 
Y357S + M360I strain produced similar morphine yield to 
WT CODM but only 70% of the oripavine yield of WT. 
These experiments illustrate how beneficial single muta-
tions (e.g., I5K or M360I) can lose or have their activity 
masked when combined with other mutations from the 
same region of CODM. An increase in soluble enzyme 
concentration noted for T3K + P4A + I5K + I7M (Supple-
mentary Fig. S3) did not increase oripavine or morphine 
yield, illustrating the importance of screening for both 

activity, and expression level to understand the impact of 
mutations on whole cell biotransformation.

All four combined strains (I5K + E259G, I5K + M360I, 
E259G + M360I and I5K + E259G + M360I from the 
second strategy improved the yield of morphine and 
oripavine relative to WT CODM (Fig. 2B). The combina-
tion of beneficial single mutations was not additive, with 
performance difficult to predict. In this instance, a higher 
concentration of soluble mutant enzyme was expressed 
compared to WT CODM for all mutant combinations 
examined (Supplementary Fig. S3), although this coin-
cided with higher yield for only some of the mutant 
strains examined. There was also no positive impact on 
oripavine or morphine yield observed when the N-ter-
minal mutation P4A was tested alone or together with 
the N-terminal mutation I5K in the strain containing the 
mutations E259G + M360I, highlighting how combining 
mutations to improve enzyme activity is not straightfor-
ward, as observed widely in the literature [25].

CODM stability and soluble protein expression
Whilst the mutagenesis approach employed generated 
improved mutants, it was not easy to predict mutant 
activity, including when mutants were combined. We 
hypothesized that greater insights might be obtained by 
a systematic consideration of protein stability and soluble 
enzyme expression across the datasets obtained from this 
and our prior study [6].

A measure of protein stability was considered first, as 
a loss of protein stability is often linked to loss of func-
tion [26], so we sought to investigate if the mutations 
tested altered protein stability, potentially impacting 
enzyme activity. We used DDmut [20], a deep-learning-
based model that predicts changes in Gibbs free energy 
(ΔΔG) upon single and multiple amino acid mutations, 
as a global measure of stability. This method has been 
trained and validated for up to 3 simultaneous mutations. 
Structure prediction and modelling tools were used to 
generate the input 3D structure, as homology modelling 
and AlphaFold2 prediction are considered comparable to 
X-ray cystography structures for predicting ΔΔG [27] and 
the CODM crystal structure has not yet been reported.

The predicted ΔΔG was then paired with the measured 
soluble enzyme expression level and compared to the 
experimental biotransformation yield to assess whether 
structural stability and/or the soluble enzyme expres-
sion level may influence biotransformation yield. The 
first analysis considered mutants described in this study 
which ranged in mutation site, as well as complementary 
mutants E259G, E260T, and E259G + E260T from our 
previous study [6], where residues were replaced with 
the equivalent residue in T6ODM. The second analysis 
included mutants only occurring at site 259, where the 
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amino acids were systematically varied (also from our 
previous study [6]).

Both soluble enzyme expression level and enzyme 
stability appear to influence CODM mutant whole cell 
biotransformation performance for the enzymes where 
mutations were made using the amino acids present in 
T6ODM (Fig.  3A-B). A moderate but statistically sig-
nificant positive correlation was observed between the 
normalized soluble expression level and normalized 

experimental yield for both oripavine and morphine yield 
for this set of mutants (Fig. 3A; oripavine: r = 0.63, one-
sided 95% CI= (0.45, 1.00), p = 1.00 × 10− 5; morphine: 
r = 0.69, one-sided 95% CI= (0.52, 1.00), p = 1.00 × 10− 5). 
A weaker but still statistically significant positive corre-
lation was also observed between the Gibbs free energy 
(ΔΔG) predicted by DDMut and the normalized experi-
mental yield (Fig.  3B; oripavine: r = 0.48, one-sided 95% 
CI= (0.24, 1.00), p = 1.00 × 10− 4; morphine: r = 0.50, 

Fig. 3 Correlations between soluble protein expression and biotransformation yield and between predicted enzyme stability and biotransformation 
yield. Normalized experimental yield for E. coli strains expressing CODM mutants using amino acids from T6ODM (including mutant data from our previ-
ous study) at positions 3, 4, 5, 7, 259, 260, 357, 360 as a function of (A) normalized soluble enzyme expression level or (B) predicted enzyme stability. 
Normalized experimental yield for E. coli strains expressing CODM mutants with amino acid substitution at position 259 from our previous study, as a func-
tion of (C) normalized soluble enzyme expression level or (D) predicted enzyme stability. DDmut stability predictions are the mean for predictions made 
using the input of four different 3D modelling methods (MODELLER, SWISS-MODEL, AlphaFold2, ColabFold-AlphaFold2 (see Supplementary Table S8 and 
Fig. S4). Positive ΔΔG values denote stabilization and negative values denote destabilization. All experimental replicates are represented as separate data 
points, with three replicates for all mutants, except for E259G and I5K, for which there were six replicates. SciPy was used for statistical analysis: Pearson’s 
correlations (r) and permutation test for calculating the p-values, where the null hypothesis indicates less than or zero correlation between variables, and 
the bootstrap method for calculating the one-sided 95% confidence intervals (CI). Seaborn was used to plot the regression line and the two-sided 95% 
CI for the regression line as the shaded area in the graphs, also based on bootstrap estimation
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one-sided 95% CI= (0.29, 1.00), p = 5.00 × 10− 5), indicat-
ing that mutations giving increased enzyme stability may 
contribute to better performance. No correlation was 
observed between the predicted ΔΔG and normalized 
soluble expression level (Supplementary Figure S4C), 
indicating this did not contribute to the observed correla-
tions. The moderate and fair correlations observed here 
for soluble enzyme expression and enzyme stability with 
experimental yield suggest that enzyme selectivity, which 
was not considered in this analysis, also potentially differs 
between these mutants and contributes to the differences 
in biotransformation performance observed (Fig. 2).

In contrast, the mutations previously described at 
residue 259 in CODM, where the amino acid was sys-
tematically varied at the same location [6], appear to 
differ in soluble enzyme expression but not enzyme sta-
bility (Fig. 3C-D). A very strong correlation was observed 
between the normalized soluble expression level and 
normalized experimental yield when all amino acids in 
the previous study were considered (Fig.  3C; oripavine: 
r = 0.94, one-sided 95% CI= (0.90, 1.00), p = 1.00 × 10− 5); 
morphine: r = 0.95, one-sided 95% CI= (0.91, 1.00), 
p = 1.00 × 10− 5), with a correlation stronger than that 
observed here in the current study where mutations 
were examined across multiple site locations. There was 
no correlation, however, between the ΔΔG predicted 
by DDMut and the normalized experimental yield for 
mutants considered just at the 259 site (oripavine: r= 
-0.12, one-sided 95% CI= (-0.49, 1.00), p = 0.72; mor-
phine: r= -0.11, one-sided 95% CI= (-0.49, 1.00), p = 0.72). 
This suggests that the mutants at residue 259 have 
retained the same stability as the WT CODM. Again, 
no correlation was also observed between the predicted 
ΔΔG and normalized soluble expression level (Supple-
mentary Fig. S4B).

The difference in enzyme properties between the two 
groups of mutants analyzed is significant, as it can poten-
tially explain the mechanisms behind improved CODM 
performance for the two studies. In the prior study, alter-
ing the amino acid at site 259 increased soluble enzyme 
expression and did not alter mutant stability relative to 
the WT enzyme [6]. In contrast introducing different 
mutants using residues based on the T6ODM sequence 
across multiple locations in this study led to a greater 
performance improvement, likely through several mech-
anisms; this could include an increase in both soluble 
enzyme expression and enzyme stability but it seems that 
other mechanisms may also be involved, such as changes 
in enzyme selectivity.

This study illustrates the potential benefit of using 
a ΔΔG prediction tool to explore and understand the 
impact of mutagenesis. Computational tools that predict 
mutant impact on enzyme expression could also be used 
to simplify the design space for enzyme engineering. For 

example, when the tool MPEPE (a Mutation Predictor for 
Enhanced Protein Expression) [21], was applied to the 
sequences examined here, the soluble enzyme expression 
level could be effectively predicted, with a moderate cor-
relation between predicted and measured expression lev-
els (Supplementary Fig. S5) suggesting both tools may be 
combined to optimize selection in silico prior to bench 
experimentation. Future work that could consider addi-
tional mechanisms, such as enzyme selectivity, could also 
provide more comprehensive predictions.

Strain performance during a biotransformation reaction
Having identified CODM mutants with better capacity 
for biotransformation, we next sought to investigate their 
performance over the course of an entire biotransforma-
tion reaction. Single mutation I5K from the N-terminus, 
single mutant M360I from the C-terminus or the double 
mutant I5K + M360I, which had a high yield but was the 
combination with the fewest mutations from the second 
strategy, were examined and compared to WT CODM. 
Oripavine was assayed every hour for the first nine hours, 
then every three hours for the following fifteen hours. 
While the quicker codeine O-demethylation reaction was 
assessed every fifteen minutes over two hours.

The I5K + M360I strain performed the fastest for the-
baine, achieving near complete conversion (≥ 95%) after 
~ 5 h, with strains I5K, M360I or WT CODM achieving 
similar conversions after ~ 7 h, ~ 12 h or ~ 18 h, respec-
tively (Fig.  4A, Supplementary Table S6). For codeine, 
the I5K and I5K + M360I strains displayed similar kinetic 
behavior, achieving near complete conversion (≥ 94%) 
after ~ 1 h, with strains M360I or WT CODM achieving 
similar conversions after ~ 1.75 h and ~ 2 h, respectively 
(Fig.  4B, Supplementary Table S7). These data suggest 
that the I5K + M360I strain would be most desirable for 
biosynthetic applications.

The productivity, or time space yield (TSY), is impor-
tant for the economic viability of opiate biotransforma-
tion and the I5K + M360I strain reported here is one of 
the most productive systems reported to date. This strain 
displayed an average TSY of 5.1 × 10− 2 ± 6.5 × 10− 3 g/(L∙h) 
for oripavine measured at t = 5 h when thebaine achieved 
near complete conversion (≥ 95%). This is a ~ 3.4-fold 
improvement compared to WT CODM (oripavine TSY 
of 1.5 × 10− 2 ± 6.2 × 10− 4 g/(L∙h) at t = 18  h when theba-
ine achieved ≥ 95% conversion, see Supplementary Table 
S6). This is also a ~ 2.8-fold improvement compared to 
the CODM mutant expressing strain E259D reported 
recently (oripavine TSY of 1.8 × 10− 2 ± 4.4 × 10− 4 g/(L∙h) 
at t = 15  h when thebaine achieved ≥ 95% conversion) 
[6]. The I5K + M360I strain also displayed a high TSY of 
2.9 × 10− 1 ± 8.2 × 10− 3 g/(L∙h) for morphine measured at 
t = 1 h when codeine achieved near complete conversion 
(≥ 94%). This is a ~ 1.9-fold improvement compared to 
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WT CODM (morphine TSY of 1.5 × 10− 1 ± 6.3 × 10− 3 g/
(L∙h) at t = 2 h when codeine achieved ≥ 94% conversion, 
see Supplementary Table S7). This is also a ~ 1.3-fold 
improvement compared to the E259D strain reported 
recently (morphine TSY of 2.3 × 10− 1 ± 4.4 × 10− 3 g/(L∙h) 
at t = 1.25 h when codeine achieved ≥ 94% conversion) [6].

Future opportunities
The productivity of this CODM I5K + M360I variant 
compliments existing biotransformation strategies. For 
example, incorporation of this mutant into the E. coli 
total biosynthesis system developed by Nakagawa and 
colleagues (Fig.  1) would expand the capabilities of this 
platform to produce the commercially valuable com-
pound oripavine from glycerol [4]. Moreover, adoption of 
this strain within the stepwise process demonstrated in 
our earlier study (Fig. 1A), would allow for the complete 
biosynthetic production of morphine from thebaine [5]; 
this could reduce the timescales for morphine produc-
tion using alternative feedstocks and potentially provide 
greater flexibility for opioid production on demand. The 
mutagenesis performed also identified I7M and Y357S 
as reducing oripavine yield relative to morphine yield, 
making these enzymes valuable tools within the syn-
thetic biologist’s toolbox that could be used to direct flux 
through desired metabolic pathways (i.e. to direct flux 
towards morphine production in Fig. 1), as has been sug-
gested for other CODM mutants with altered substrate 
specificity [13]. Further insight into CODM mutants 
could also be obtained by quantifying and optimizing 
the relative proportions of soluble and insoluble protein 
expression for the current and any future mutants.

Several other mutation tools may be complemen-
tary in future enzyme studies, to the ΔΔG prediction 

tool used here for stability and the MPEPE tool applied 
to confirm soluble enzyme expression levels. Poten-
tial enzyme mutations can be designed using web serv-
ers such as HotSpot Wizard v3.1 [28, 29], FireProt v2.0 
[30] and PROSS (the Protein Repair One-Stop Shop) [31, 
32]. These tools make protein design more accessible and 
can direct and simplify protein design activities [33–38]. 
While the underlying methods differ between algorithms, 
they commonly make use of evolutionary conserved 
analysis and/or stability calculations to compute prom-
ising mutation sites [38]. PROSS for example, optimizes 
the energy of the native protein to identify stabilizing 
mutations, subject to constraints inferred from multiple 
sequence alignments, to improve protein expression and 
heterologous expression [31, 32]. Interestingly, several of 
the mutations identified and tested in this and the pre-
vious study were also identified by retrospective analy-
sis using these automated design tools (Supplementary 
Table S10), illustrating their broad potential.

Apart from improving thermostability and heterolo-
gous expression computational enzyme design can also 
be used to fast-track efforts to re-engineer enzyme speci-
ficity [39]. For example, the cofactor specificity of the E. 
coli K12 malic enzyme (MaeB), which has an unsolved 
three-dimensional structure, was changed from NADP+-
dependent to NAD+-dependent form by combining a 
logistic regression model with an amino acid database 
of structurally homologous enzymes possessing differ-
ent substrate/cofactor specificity, allowing residues to be 
ranked for their contribution to cofactor specificity [39]. 
A total of 10 mutant enzymes were then created, each 
progressively containing 10 further mutations with 20–30 
mutations found sufficient to switch cofactor specificity 
without greatly affecting expression levels [39]. While 

Fig. 4 Production of oripavine and morphine as a function of biotransformation time. Yield of oripavine (A) or morphine (B) as a function of time pro-
duced using either thebaine or codeine as substrate respectively and E. coli strains expressing I5K, M360I, I5K + M360I, or the WT CODM. Data are the 
mean ± standard deviation of three independent replicates (see Supplementary Table S6 and S7)
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this strategy requires a sufficient database of homo-
logues, it illustrates the potential for machine learning to 
accelerate optimization of enzyme performance.

Conclusions
Microbial biosynthetic systems are increasing our capac-
ity to sustainably produce essential medications. A com-
mon bottleneck that has been encountered in opioid 
biosynthesis systems is the suboptimal performance of 
enzyme CODM when expressed in heterologous systems. 
In this work, we demonstrate how residues found in 
the paralogue enzyme T6ODM can be used to generate 
mutant CODM enzymes with a variety of characteristics 
including increased yield. The E. coli strain expressing 
the CODM I5K + M360I mutant is one of the most pro-
ductive strains reported to date, with a productivity of 
5.1 × 10− 2 ± 6.5 × 10− 3 g/(L∙h) oripavine and productivity 
of 2.9 × 10− 1 ± 8.2 × 10− 3 g/(L∙h) morphine. The mutant 
CODM strain could be applied to expand the diversity 
of opioids that can be produced, advancing on the low 
yields previously reported for WT CODM in yeast. This 
study also illustrated how the computational tool DDMut 
can potentially be used to better understand enzyme 
engineering strategies and could be used in the future to 
identify promising residues for mutagenesis.

Methods
Chemicals and reagents
Cell culture reagents were purchased from Merck, 
USA (antibiotics, analytical grade glycerol, isopropyl 
β-D-1-thiogalactopyranoside (IPTG), sodium chlo-
ride) or Oxoid, Thermo Scientific UK (yeast extract and 
tryptone). Biotransformation reagents (sodium ascor-
bate, glucose, and iron sulfate heptahydrate) and high-
performance liquid chromatography (HPLC) reagents 
(HPLC grade acetonitrile, trifluoracetic acid (TFA) and 
acetic acid) were purchased from Merck, USA. Clon-
ing reagents (restriction enzymes, Phusion High Fidelity 
DNA Polymerase, NEBuilder HiFi DNA Assembly, E. coli 
5-alpha competent cells and E. coli BL21(DE3) compe-
tent cells) were purchased from New England BioLabs 
Inc., USA. Sun Pharmaceutical Industries Australia Pty 
Ltd. provided the opioids (≥ 98% w/w purity on a wet 
basis); thebaine, oripavine, codeine and morphine. Water 
used was purified to a resistivity of ≥ 18.2 MΩ cm.

Plasmids and strains
The plasmids, primers and synthetic sequences used are 
listed in Supplementary Tables S1-S3. Synthetic gBlock 
sequences (codon optimized for expression in E. coli 
B strains with sufficient N- and C-terminal homology 
for assembly by NEBuilder HiFi DNA Assembly) were 
purchased from Integrated DNA Technologies (IDT), 
USA. Open reading frames (ORF) were inserted into the 

pET24b-6H-MBP vector (Merck, USA), N-terminally 
fused to a six-histidine tag (6H) and a maltose bind-
ing protein (MBP). Constructs were verified by Sanger 
Sequencing (Australian Genome Research Facility, Aus-
tralia) (see Supplementary Table S2). E. coli 5-alpha 
competent cells were used for plasmid cloning and main-
tenance, while E. coli BL21(DE3) competent cells were 
used for biotransformation and protein expression.

The CODM.2 expression plasmid pGWKS134 was 
constructed using the CODM.2 sequence UniProtKB: 
D4N502, referred to here as WT CODM for ease of com-
parison [5, 8, 15]. The plasmid was created by assem-
bling the 1.1 kb CODM.2 gBlock (UMg14), employing E. 
coli codon usage, into the BamHI- and XhoI-linearized 
pET24b-6H-MBP backbone using NEBuilder.

Other expression vectors (pGWSK127-128, 135–146) 
(see Supplementary Table S1) were created using the 
same procedure; by assembling the respective 1.1  kb 
ORF gBlocks (UMg8-26) (see Supplementary Table S3) 
into the linearized pET24b-6H-MBP backbone using 
NEBuilder.

Cell culture and protein expression
Seed cultures were grown overnight at 37 °C in Lysogeny 
Broth medium (0.5% yeast extract, 1% tryptone and 1% 
NaCl) containing kanamycin (50 µg/mL). Protein expres-
sion cultures contained 1 mL of the seed cell culture, 50 
mL of 2-YT medium (1% yeast extract, 1.6% tryptone and 
0.5% NaCl), kanamycin (50 µg/mL) and 1 mL of glycerol. 
When the optical density measured at 600  nm (OD600) 
reached 0.4–0.8 after culturing at 37 °C, protein expres-
sion was induced by IPTG addition (0.1 mM) and growth 
continued for an additional 22 h at 18 °C. Following pro-
tein expression, cells were pelleted by centrifugation 
(3,000 g for 15 min), then resuspended in 15% glycerol to 
an OD600 of 100 in preparation for biotransformation.

Whole cell biotransformation
Biotransformation (20 mL total volume) consisted of the 
indicated alkaloid (1 mM thebaine or 1 mM codeine), 100 
mM phosphate buffer (pH 6.0), 0.5% w/w glucose, 10 µM 
iron (II) sulfate (FeSO4) and 10 mM sodium ascorbate 
and CODM expressing E. coli cells of OD600 of 10. Reac-
tions were incubated at 24  °C with shaking (220  rpm). 
Samples were centrifuged (16,000  g for 7  min) with the 
alkaloid content of the supernatant determined by HPLC. 
At least three independent replicates were conducted for 
biotransformation.

Soluble protein expression analysis
SDS-PAGE analysis was used to investigate the soluble 
protein expressed following cell protein expression. Fro-
zen cell pellets (OD600 of 1) were resuspended in Bug-
Buster™ protein extraction reagent containing benzonase 
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(25 units/mL of BugBuster™ reagent) (Merck, USA). Sol-
uble protein containing supernatant was separated from 
the insoluble components by centrifugation (16,000 g for 
20 min at 4 °C). The protein fractions were run on a pre-
cast Bolt 8% Bis-Tris Plus Gels (Thermo Fisher Scientific, 
USA) in MOPS running buffer at 120 V for 60 min. The 
Precision Plus protein™ Kaleidoscope™ Prestained Pro-
tein Standard (Bio-Rad Laboratories, USA) was used to 
estimate protein sizing. Protein band intensity was cal-
culated by subtracting the background intensity and nor-
malizing the data to the 75  kDa molecular weight band 
using the Image Lab software (Bio-Rad Laboratories, 
USA). Soluble protein expression was determined for 
each independent replicate.

LC-MS analysis of alkaloids
A Shimadzu LCMS-2020 liquid chromatograph mass 
spectrometer and Onyx Monolithic C18 column 
(100 × 4.6 mm, Phenomenex Australia Pty Ltd) was used 
for opioid quantification. A linear gradient of 0–20% buf-
fer B and at a flow rate increased from 1 mL/min to 2.5 
mL/min over 10  min at 28  °C was employed [buffer A: 
0.1% TFA in water; buffer B: 0.1% TFA in acetonitrile]. 
A wavelength of 285 nm was used to detect compounds, 
with the reference wavelength set at 360  nm. Shimadzu 
LabSolutions software was used for opioid identification 
where the opioid retention time was compared to a stan-
dard (morphine at 4.0 min, codeine at 6.8 min, oripavine 
at 7.5 min and thebaine at 10.1 min), peak area was then 
compared to the standard with a series of concentrations 
ranging from 25 µg/mL to 500 µg/mL. A 5 µL injection 
volume was used for sample analysis. The product per-
centage yield was calculated by dividing the product 
molar concentration (in mol/L) obtained at a particular 
experimental time point by the starting substrate molar 
concentration (in mol/L).

Statistical analysis for mutant CODM comparison
Minitab® was employed for statistical analysis of whole 
cell biotransformation. Statistical significance with a 
p-value of 0.05 was assessed using a general linear model 
ANOVA (analysis of variance). A confidence interval of 
95% was applied for comparison with the control strain 
using Dunnett’s method.

Enzyme stability predictions
DDmut [20], a deep-learning-based model, was used to 
predict changes in Gibbs free energy (ΔΔG) following 
introduction of single or multiple amino acid mutations 
in CODM. As no crystal structure has yet been reported 
for CODM, structure models were generated using four 
different tools; MODELLER (using the T6ODM crystal 
structure [PDB entry 5O7Y] as a template) [19, 40], and 
using align2d alignment method (best mode was the 

one with the least DOPEvalue) [41], SWISS-MODEL 
(using the T6ODM crystal structure [PDB entry 5O7Y] 
as a template) [42], AlphaFold2 (accessed via EMBL-EBI’s 
server) [43, 44] and ColabFold-AlphaFold2 (template 
mode using pb100, using AMBER force fields [45] for 
protein structure relaxation. The best model was chosen 
according to the rankings) [46]. The DDmut output from 
each model was then averaged and employed in correla-
tion analysis.

Statistical analysis for correlation between yield, 
expression and predicted stability
The relationship between oripavine or morphine yield, 
DDmut predicted stability, and enzyme expression levels 
were investigated using Pearson correlation coefficients 
(r). Statistical significance for the correlation coefficient 
was then assessed using permutation test (with 100,000 
resamples per test) with the significance threshold set 
at p < 0.05 using SciPy v1.11.4 [47]. For the correlation 
coefficient between predicted stability versus yield and 
soluble protein expression level versus yield, one-sided 
test was used, and the null hypothesis indicates less than 
or zero correlation between variables. For the correla-
tion coefficient between predicted stability versus soluble 
protein expression level, two-sided test was used, and the 
null hypothesis indicates zero correlation between vari-
ables. In addition, a 95% confidence interval for the cor-
relation coefficient were calculated using bootstrapping 
method with 100,000 resamples using SciPy.

For Fig.  3, Supplementary Figs. S4 and S5, Seaborn 
v0.13.2 [48] was used to generate the regression line and 
the bootstrap two-sided 95% CI for the regression line as 
the shaded area in the graphs, based on 100,000 resam-
ples per plot.

Two different analyses were performed, the first 
included the CODM mutants where select amino acids 
were replaced with the respective residues from T6ODM, 
this included mutants from this study and select 
mutants from our previous study (E259G, E260T, and 
E259G + E260T) where residues were replaced with the 
equivalent residue in T6ODM [6]. The second analysis 
included mutants where the amino acid was systemati-
cally varied at only residue 259 from our previous study 
[6].

Descriptive language used for describing correlation 
strength is based on [49] and [50].
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